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Abstract 
Embedded smartphone sensors such as GPS and Wi-Fi have the ability to capture location 
information. These sensors are increasingly being used for location determination to enable 
Location based services (LBS) such as maps and navigation. Although these sensors improve 
the reliability and accuracy when identifying a user’s location, they result in high energy 
consumption and battery depletion.  
This work presents a novel accelerometer framework based upon a probabilistic algorithm 
that neutralizes the effect of different smartphone on-body placements and orientations to 
allow human movements to be more accurately identified. The key benefits of using the 
smartphone accelerometer for human mobility analysis, with or without location 
determination based upon GPS, Wi-Fi or GSM is that it is energy-efficient, provides real-
time contextual information and has high availability. The core contributions of this thesis 
are: 
1. Using solely the embedded smartphone accelerometer without need for referencing 
historical data and accelerometer noise filtering, the framework can in real-time with a 
time constraint of 2 seconds identify the human mobility state. The method achieves an 
overall average classification accuracy of 92% when evaluated on a dataset gathered from 
fifteen individuals that classified twelve different urban human mobility states. Results 
show that GPS location based sensing architectures that implement the algorithm can 
achieve energy-savings of up to 58% in typical circumstances.       
2. The design, implementation, and evaluation of a method to evaluate the energy-efficiency 
of hybrid location sensing techniques used by smartphones based upon a user-centred 
metric, battery depletion time. This metric depends upon three main factors: location 
sensor usage, human mobility state classification, and location accuracy. Results show 
that the method can improve the energy-savings of hybrid location sensing techniques by 
up to 71% in typical circumstances.    
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1 Introduction 
1.1 Location Determination 
A key use of human location determination is to navigate outdoors to a destination from a 
start or current location. This is commonly referred to as SatNav because it uses (GPS) 
satellites for navigation. In the early 2000s (decade), GPS was made more accurate for 
civilian use. At that time, GPS trackers were less common, and were standalone devices. In 
the 2010s (this decade), they are now in widespread use and are embedded into mass 
commodity devices such as Smartphones (Lloret et al., 2011; Barani & Fathy, 2010). With an 
unobstructed view of signals from GPS satellites, GPS is the most accurate location 
determination technology as it provides location accuracy to around 10m (Amundson & 
Koutsoukos, 2009). Location can be regarded as both a low-level context, as a set of 2D or 
3D coordinates within some spatial frame of reference for the planet earth, and as a high level 
context, e.g., a departure location maybe someone’s home and a destination location maybe a 
work or meeting place. In order to identify a high-level location context, a remote GIS 
(Geographical Information System) server is queried for information. The GIS server may 
also be remotely accessed on-demand every time the GPS position is sampled, not necessarily 
if the position actually changes, generating a travel map that highlights specific location 
features and to display the changing current position along the route. 
However, practical GPS use has several well-known limitations. First, it does not work when 
the line of sight to satellites is obscured, i.e., deep inside a vehicle such as a bus, underground 
in a metro train, in a tunnel or walking indoors. Additional transceiver1 based positioning 
systems such as a Wi-Fi Positioning System (WPS) and GSM Positioning System (GSMPS) 
can be used to augment location determination when GPS fails, but with an increased average 
localization error. Without access to GPS signals, WPS provides accuracy to within the range 
20 - 30m (Skyhook, 2012). In the absence of both GPS and WPS, GSMPS provides a 
location accuracy up to 70 - 200m in urban areas (Constandache+, et al. 2009) and up to 
35km in rural areas (Varshavsky et al., 2006). GSMPS location determination is enabled by 
default on most smartphones.  
1 "Transceiver" means it does data transmission and receiving in the same device. WPS and GSMPS use, 
requires the smart phone to act as a transceiver but for GPS, the mobile phone only acts as a receiver. 
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Second, excessive energy consumption can act as a major obstacle to the broader acceptance 
of location-aware mobile applications or services, no matter how useful the service may be 
(Wang et al., 2009). Continuous GPS sampling drains the battery within 12 hours. When GPS 
is not available, WPS can be used, but continuous sampling for WPS drains the battery within 
46 hours (Oshin+ et al., 2012). Energy-efficient location sensing can be improved in several 
ways (Sections 1.3, 2.3).  
 
1.2 Mobility Determination 
Whereas location-awareness and LBS tend to focus only on the location or spatial domain, 
mobility awareness and Mobility Based Services (MBS), focus on the temporal-spatial 
domain of how someone or something moves in the physical world, either in a pre-planned 
way to a destination or in an ad hoc movement away from the current location. The mobility 
state or context can be characterised at a low level, as the rate of change of location in (𝑥,𝑦, 𝑧) directions, i.e., velocity, and the rate of change of velocity with respect to time, i.e., 
acceleration. Thus, we can use location determination methods to determine the low-level 
mobility context. A more coarse-grained low–level mobility context can be characterised as 
moving versus stationary rather than by the level or value of movement, At a higher level of 
abstraction, human or user mobility context or state represents a transportation mode which 
can be human-powered such as walking or cycling or motorised such as a bike, car, bus or 
train. Different transportation modes may be differentiated by different average speeds when 
free-flowing, e.g., from fast to slow, the transport modes can be train, car, bus, cycle and 
walking. However, the actual speed for different transportation modes often overlaps when 
the traffic flow is constrained by: the speed limit, the road or rail surface conditions, traffic 
congestion and the type of vehicle used. In fact, in very constrained traffic flow conditions, 
walking and cycling may be often faster than road-based motorised traffic because they can 
move at the side of and in between road traffic lanes. Hence, methods that determine speed as 
derived from location changes with time, e.g., GPS, cannot be used, with much accuracy, to 
determine the transportation mode. An additional difference is that the acceleration and 
deceleration patterns between stationary and moving, may vary significantly between 
different types of (high-level) user mobility state or transportation mode, hence acceleration 
could be used to better classify these (Section 4.2.1). The motivation for MBS includes: 
14 
 
 Real-time human mobility profiling, such as determining the degree of physical 
exercise, the usage patterns for types of public and private transport, low-carbon 
transport usage, the time spent at a location (indirectly indicating the type of human 
mobility occurring at that location e.g., spending more time near one shop location 
rather than another one can indicate a greater user preference or interest for one shop 
as compared to another). 
 Mobility profile driven social and societal behaviour analysis changes via 
gamification and incentives, e.g., to promote greater low carbon transportation modes 
and low-energy transport usage. 
 Adapting dynamically the types of mobility information services based upon the travel 
mode, e.g., a pedestrian map linked to detection of walking, shows safer places to 
cross roads whereas a motorist map focuses more on main road routes.  
 Transceiver location sensor control and optimization (see Sections 1.3 and 2.3)  
Smartphones provide a wide range of sensors for location and mobility determination such 
as: 
 Wide area network (WAN) and local area network (LAN) receiver or transceiver 
measurement sensors: e.g., GPS, Wi-Fi (Vathsangam et al., 2011; Shin & Cha, 2010; 
Kim et al., 2010), and GSM. Ibrahim & Youssef (2011) Zhang et al. (2009), Gyorbíró 
et al., (2009) Goetz et al. (2011) Zhang & Yu (2008), Robles et al. (2010), Ji et al. 
(2008), Deblauwe & Treu (2008), Swales et al. (1999), Jurdak et al. (2010) and 
Varshavsky et al. (2007) have used received signal strength indicator (RSSI), time-
difference-of-arrival (TDOA), and Radio frequency (RF) fingerprinting analysis of 
network signals. 
 Proximity (Near Field Transceiver) sensors: e.g., Bluetooth (Paek et al., 2010; 
LaMarca et al., 2005; Chawathe, 2008), Infrared2 and Near Field Communication 
(NFC). N.B. signal processing for near field transceivers can be much simpler than for 
LAN or WAN transceivers as there may be only a simple acknowledgement of 
transceivers being in range of each other without the use of any distance 
determination. 
2 N.B.: Not all makes of Smartphones may have these sensors; support varies depending on the model. 
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 Inertial sensors: e.g., accelerometer (Wang et al., 2010, Ravi et al., 2005, Vathsangam 
et al., 2011, Raskovic & Giessel, 2007, Constandache, Choudhury, et al. 2010, Kim et 
al., 2010; Lu et al., 2010, Cornelius & Kotz, 2011, Reddy et al., 2010, Khan et al., 
2010, Hache et al., 2010), gyroscope, magnetometer and electronic compass (Kothari 
et al., 2010 and Constandache, Choudhury, et al. 2010). 
 Other sensors: e.g., light (Azizyan et al., 2004), pressure (Kothari et al., 2010), 
temperature and sound (Wang et al., 2009), and video (Arth et al., 2009) can be used 
from whose signal changes, mobility may be indirectly inferred. 
The different types of sensors used for MBS have different limitations. Inferring mobility 
indirectly from physical phenomena, such as light, etc. changes can be highly inaccurate. 
Proximity sensors require that fixed transmitters at known locations be embedded in the 
environment - this is either costly or very patchy. WAN and LAN measurement transceiver 
sensors require active network links for transceivers that are affected by different kinds of 
electromagnetic impedance, interference and signal variations. These lead to position 
inaccuracies, e.g., they are of the order of 10m for Wi-Fi (Constandache+, et al. 2009) and 
these in turn lead to inaccuracies in the derived velocity and acceleration. For inertial sensors, 
accelerometer is the most common one used for MBS. It has three main advantages over 
(LAN or WAN) transceiver based location signal sensors.  
 Lower energy consumption: the accelerometer consumes 96 mW (Constandache, 
Choudhury, et al. 2010), as compared to 330 mW by GPS and 1426 mW for Wi-Fi 
scans (Wang et al., 2009). 
 Lower sensor access delay: the accelerometer runs continuously and gives 
instantaneous readings. In contrast, GPS location updates depend upon its operational 
mode. In a hot start mode, the Time To Subsequent Fix (TTSF) is about 10 seconds 
and in a cold start mode, the Time To First Fix (TTFF) could take up to 15 minutes.  
 Higher availability: sensor readings are continuously available with the accelerometer 
as compared to transceiver based sensors and are susceptible to transceiver 
obstructions and faulty transceiver links. 
Note the accelerometer tends to give continuous, instantaneous measurements. Although we 
can in theory determine the distance moved from a reference location from the accelerometer 
data by double integrating acceleration readings, the error increases with distance and as 
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direction changes. This location derivation from acceleration is considered out of scope for 
this research, mainly because of the large errors produced on longer journeys. 
Smartphones have embedded inertial sensors that can capture human mobility state 
information such as location, acceleration, and orientation. The human mobility state is 
defined as the vector in the state space determined by the acceleration state variables (𝑥, 𝑦, 𝑧). 
In this thesis, the human mobility state is inferred in terms of acceleration changes in the 
accelerometer (𝑥, 𝑦, 𝑧) axes. It is sensed with respect to gravity using an embedded 
accelerometer type inertial sensor in handheld devices such as smartphones. This mobility 
sensor data needs to be analysed in order to classify the type of mobility or human state.  
The human mobility state classification using a smartphone accelerometer is challenging. 
First, accelerometer measurements of human mobility are body position dependent. It is 
impractical to require a fixed body placement for the accelerometer in real-world mobility 
classification. Second, there is the issue of accelerometer noise. The two main noise sources 
are mechanical thermal and electrical thermal noise (Levinzon, 2004). The development of 
algorithms that can detect the human mobility state using noisy and equivocal sensor data is 
challenging (Bao & Intille, 2004). Third, these sensors consume energy which is a limited 
resource in smartphones. Fourth, acceleration also varies for similar transportation modes 
because of differences in human control of the mobility, traffic, route, surface conditions and 
weather.  
Due to the complexity of human mobility and noise of sensor signals, mobility classification 
algorithms tend to be probabilistic (Choudhury et al., 2008). Due to the mobility 
classification complexity, this tends to be performed remotely and off-line. The main 
drawbacks of this approach are firstly that the sensor data needs to be uploaded to be 
remotely processed and this requires connectivity; secondly, this introduces a delay which 
means that the classification is used more for historical profiling rather than for (near) real-
time decisions and service adaptation. The motivation for a less complex classification is that 
it can be performed on the local device and can enable near real-time adaptive (decision-
making) services. 
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1.3 Combining Location and Mobility Determination 
Whilst, it is possible to undertake mobility determination without location determination, i.e., 
using inertial sensors, and vice versa to determine mobility without location, i.e., using 
transceiver type signal measurements, e.g., GPS, Wi-Fi and GSM, location and mobility 
determination are often naturally combined. 
First, space and time are intrinsically linked, which is why not only do human navigation 
location-based service (LBS) applications determine how to get to a destination, they also 
estimate the time to a get to a destination because human events are often naturally planned in 
time, not only in space. Often we measure how long it takes to get a destination in terms of 
time rather than in terms of distance. The time to reach a destination depends upon the rate of 
change of location with time that can be averaged or integrated to derive the travel time to the 
destination (low level mobility context) and this in turn depends on the type of mobility. In 
addition mobility can be derived from location and vice versa. 
Second, acceleration type mobility sensors can be run in a much lower energy mode than 
more power hungry GPS receiver and Wi-Fi sensors. Some energy is consumed because the 
accelerometer needs either a lit screen or the CPU to be running. Then if no movement is 
detected using the accelerometer these can be used to reduce the high active state of GPS and 
Wi-Fi receiver type locations sensors when they are out of range of transmitters, i.e., when 
travelling in an underground train or when situated indoors.  
Third, if transportation modes use characteristic locations (stations) and certain types of 
transport regularly stop at these locations, then the mobility state or transport mode can be 
inferred based upon a spatial route through certain stations. However, this requires on-
demand access to a remote GIS server to compare each changing location against the set of 
station locations. This third driver for combined location and mobility determination is 
considered out of scope for this research. The first two drivers remain valid; hence, location 
and mobility determination are the combined focus in this thesis.  
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1.4 Research Statement and Objectives 
Although, near real-time3 mobility profiling and location determination can enable a range of 
applications that can adapt to the profile, the focus of this research is on achieving better 
mobility profiles rather than on the adaptation. Better mobility profiles entail a more accurate 
and fine-grained classification of mobility types because without this, the adaptation will be 
faulty. The focus of this research is to achieve more accurate and fine-grained classification 
of mobility types. A single embedded smartphone accelerometer sensor is used in near real-
time to identify the human mobility state and in-turn to enable energy-efficient hybrid 
transceiver location determination without the need for referencing historical accelerometer 
data, specific smartphone on-body placement and accelerometer noise filtering. Else, this 
type of energy hungry location determination causes the phone battery to run down too 
quickly (thesis statement).  
The issue is that pervasive continuous tracking using smart mobile devices is limited to a 
finite duration using energy-hungry location transceiver sensors based upon GPS and Wi-Fi. 
The main objective of this research is to investigate how to perform both human location and 
mobility determination using a smartphone in an energy-efficient way, as these two are 
interlinked. Typically, a network receiver sensor such as a GPS sensor embedded into a 
smartphone is used to determine location but this is energy hungry. Related to this main 
objective are several sub-objectives. A first sub-objective is to classify human mobility states, 
in an energy-efficient way, and in real-time using a smartphone 3D-accelerometer that works 
regardless of the on-body placement (Chapter 4). A second sub-objective is to research how a 
low-energy accelerometer inertial type sensor can be used to minimize the smartphone 
battery energy used by single and hybrid, i.e., GPS and or WPS and GSMPS receiver type 
location sensors to identify a user’s location with a reduced average localization error and 
without compromising the receiver location sensor’s sample rate (Chapter 5). A third sub-
objective is to evaluate the energy-efficiency of location determination techniques (Sections 
2.3 and 6.1).  
 
3 The term "near real-time" (NRT), in telecommunications and computing, refers to the time delay introduced, 
by automated data processing and network transmission, between the occurrence of an event and the use of the 
processed data. 
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1.5 Proposed Novelty 
The proposed novel aspects of this research are:  
 Human mobility state classification and transition analysis are used to promote a more 
energy-efficient location sensor selection algorithm. The model extracts six features 
(five novel and one derived) from the smartphone accelerometer data. The features 
are sensitive enough to classify mobility types with similar human patterns. The 
model permits similar mobility types such as motorized travel by bus and car to be 
classified because the accelerometer data is more aligned to the type of mobility.  
 An energy-efficient light-weight mathematical model is employed to process the 
accelerometer data in real-time without the need for noise filtering, which works 
regardless of the smartphone on-body placement and orientation. In terms of human 
mobility analysis, the accelerometer based algorithm can be used independently or 
part of a hybrid architecture, e.g., it can be used as a combined accelerometer and 
location determination approach. 
 
1.6 Thesis Structure 
This thesis (Chapter 1) began by highlighting the need for location determination using GPS 
and when this is unavailable, how it can be supplemented by transceiver type location sensors 
based upon Wi-Fi and GSM. However this type of location determination tends to be energy-
hungry. Next the case to perform mobility sensing was made and how this is intertwined with 
location sensing because of their inherent, combined, spatial-temporal context. It was noted 
that accelerometer inertial type location sensing could be used to perform more accurate and 
finely-grained mobility state classification and because it is relatively low-energy in usage, to 
control and reduce the use of more energy hungry receiver-based location sensors. The rest of 
this thesis is organized as follows.  
The basic concepts of human location and mobility determination using inertial and 
transceiver based sensors, and the factors required to evaluate the energy-efficiency of 
location determination techniques are described (Chapter 2).  
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A critical analysis of related work is undertaken focussing first on energy-efficient location 
determination, and then on mobility determination using smartphones. A classification of the 
surveyed methods is presented in the summary (Chapter 3).  
Next, the method is described; this is split into 2 parts. First, the algorithm for human 
mobility state classification using a 3D-Accelerometer is proposed. Knowledge of the human 
mobility state is vital in optimizing the energy utilised by transceiver sensors based upon 
technologies such as GPS and Wi-Fi. User Mobility can be classified using a probability 
distribution and features extracted from the accelerometer data, see Chapter 4. Second, an 
energy efficient location determination model that combines GPS, WPS, GSMPS and the 
accelerometer is proposed (Chapter 5).  
Next, the experiments to validate the location and mobility algorithms and the results are 
presented. Two scenarios for the experiments are proposed. The first is a typical commuter 
scenario and the second is a worst case scenario (Chapter 6). This thesis ends with 
conclusions then further research work is outlined (Chapter 7). 
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2 Human Mobility Analysis and Monitoring 
Urbanization of the rich countries is a trend that is predicted to continue rising from 75% of 
people in 2000 to 83% in 2030 (Cohen, 2003). Today several local authorities in English 
urban areas use penalties and fines to counter the negative effects of excessive mobility. Such 
negative effects include air pollution and traffic congestion. Motorized travel restrictions in 
urban areas have been proven to be unpopular and have a negative economic effect on local 
traders and residents. A survey of 2,018 Londoners between 1st of September and 5th of 
October 2008 found 41% wanted the London western traffic congestion charge zone 
abolished and 15% wanted to change the way the scheme operated (Accent, 2013). With this 
sharp population increase in urban areas, analysis, monitoring and spatial-awareness of 
human mobility data is essential for better understanding of human mobility. Improving 
human mobility and at the same time reducing traffic congestion, accidents and pollution is a 
common challenge to all major cities in Europe (SUNSET, 2013). Human mobility data will 
be useful in traffic forecasting and monitoring the time resolved location of individuals. 
However understanding the basic laws governing human motion remains limited due to the 
lack of tools to monitor the time-dependent location of individuals (Gonzalez et al., 2008). 
Knowledge of human mobility data in terms of travel modality is essential for sustainable 
transportation as this information is an effective way to alleviate congestion (Mei et al., 
2013). This research contributes further towards human mobility analysis and monitoring in 
terms of spatial-awareness of geo contexts. 
 
2.1 Positional Technologies used to Determine Mobility 
The spatial or location context can be used to infer the human mobility classification, e.g., if 
the position of an object or person does not change, then the object or person is stationary at 
that position. The location context could be used to infer the type of mobility, e.g., if a person 
changes velocity from slow to stop, then to fast and then vice versa at locations that are bus-
stops, it can be inferred that a person has taken a bus. In addition, knowledge of the position 
can be used to estimate the speed which can be used in classifying between motorized and 
non-motorized human mobility. The location context solely isn't sufficient in classifying 
human mobility states, e.g., the speed for different mobility states overlap and missing 
position data due unavailability of transceiver sensor signals. Position determination alone 
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cannot differentiate between some mobility states, e.g., it can’t differentiate between cycling 
and traveling using a slow moving bus or taxi within a congested traffic flow. The location 
context may also be ambiguous, e.g., bus-stops may also coincide with traffic impediments 
such as traffic lights or road junctions. Additional types of mobility context other than 
location need to be sensed to differentiate these transportation modes, e.g., combining 
acceleration with location determination (Reddy et al., 2010). 
There are three main wide area technologies for pervasive location estimation. They are GPS, 
WPS and GSMPS. There are other location determination technologies such as Assisted GPS 
(AGPS) and GSMPS triangulation.   
 
2.1.1 GPS based Positioning for Mobility Analysis and Monitoring 
Smartphones with an embedded GPS sensor are being increasingly used for location 
determination to enable LBS deliver location context pervasive computing services such as 
maps and navigation. Smartphones can capture human mobility contextual information such 
as the location, acceleration, orientation, etc. Use of an embedded GPS sensor in a mobile 
phone is now perhaps the most common method to identify a user’s location to enable 
pervasive LBS supporting location-aware maps and navigation. Several location based 
applications use GPS for location determination and its usage is unlikely to reduce due to the 
high level of accuracy. 
AGPS is a system that improves the TTFF of a GPS satellite based positioning system. The 
TTFF for a standalone GPS system is between 30 seconds and 15 minutes (Karunanayake et 
al., 2004). This delay is mainly due to the time in downloading the GPS almanac and 
ephemeris data which takes about 12.5 minutes (Navstar, 1996). The assistance server has 
better computing power and accesses information via the reference network to help the GPS 
receiver perform positioning tasks. The advantages of AGPS over GPS are quicker location 
estimation, reduced processing power by the GPS receiver which in-turn reduces battery life, 
and availability in locations where GPS will fail. A disadvantage of AGPS is the reliance on 
an assistance server. For this reason, this thesis focuses on GPS rather than AGPS. 
Although a Smartphone GPS provides adequate accuracy to within 10m (Constandache, Bao, 
et al. 2010), it is inadequate for human mobility profiling, e.g., it can provide the current 
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location, but cannot classify the current human mobility state. The disadvantages of GPS are 
high energy consumption, delay in TTFF of between 30 seconds and 15 minutes 
(Karunanayake et al., 2004) and unavailability when obstructed from signals transmitted by 
GPS satellites. Obstructions could be caused by being indoors or clear sky interference from 
tall buildings. 
 
2.1.2 Wi-Fi based Positioning for Mobility Analysis and Monitoring 
In many urban areas, Wi-Fi is prevalent in areas where homes and offices are located. WPS is 
beneficial in such urban areas because tall buildings, tunnels, bridges, etc., obstruct the use of 
GPS signals to determine position. It also works indoors, outdoors and even in underground 
rail stations. Among the limitations are: WPS is not pervasive in the sense that Wi-Fi 
networks are less accessible in the middle of wide highways, within parks, etc. It does not 
work well when moving fast (Paek et al., 2010), for instance motorized transportation. 
Unavailability when the mobile device is out of range of Wi-Fi signals, high energy 
consumption due to constant WLAN scanning and constant updates to the access points 
database with Wi-Fi changes. Wang et al., 2009 show Wi-Fi scan consumes 1426 mW of 
power as compared to 330 mW by GPS.  
Network-enabled vehicles will be able to both probe and predict near-term traffic congestion 
more accurately and distribute their travel routes more evenly (Mangharam et al., 2008). 
Extensive testing and analysis of wireless communications in a mobile environment, has been 
carried out and documented in ASTM E2213-03, a Standard Specification for 
Telecommunications and Information Exchange between Roadside and Vehicle Systems. 
This has led to IEEE 802.11p-2010 standard being defined from amendments to IEEE 
Standard 802.11-2007. Initially this research focused on using Wi-Fi measurement received 
channel power indicator (RCPI) an IEEE 802.11k-2008 standard and IEEE 802.11p-2010 for 
mobility analysis. For sensors the initial plans were to either simulate the sensor data using 
mobile device Wi-Fi or incorporate the Open Geospatial Consortium (OGC) standard known 
as Sensor Observation Service (SOS). SOS provides an API for managing deployed sensors 
and retrieving sensor data (OGC, 2013). 
The 802.11-2007 standards do not provide sufficient WLAN measurements and information 
to progress into the next generation of WLAN. Access points and clients cannot share 
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channel information. The 802.11k Radio Resource Measurement approach provides 
measurements that extend the capability, reliability, and maintainability of WLANs by 
providing standard measurements across vendors. 802.11k aims to provide client 
measurements to WLAN access points and switches. Clients might also request data from 
access points. Radio measurements, such as Channel Load request/report (the channel 
utilization measurement recorded by the measuring STA) and the Neighbour request/report 
(the request is sent to an AP, which returns a neighbour report containing information about 
known neighbour APs that are candidates for a service set transition) and are essential for the 
mobility requirements of this research (IEEE Computer Society, 2008). Since this 
information can be used by STAs in decisions about the most effective way to utilise the 
available spectrum, power, and bandwidth for its desired communications, it could also be 
used in making mobility predictions. This is possible because the report will detail pre-
handoff information.  
The measurements permit the STA to manage its radio environment. This makes WLAN 
smart and is capable of managing the radio environment for wireless devices. Protocols that 
implement the IEEE 802.11k standard permit the location determination of mobile devices. 
An access point periodically requests location reports from the terminals (mobile devices) 
which have current connectivity with this access point (Hermann et al., 2007). Human 
mobility analysis requires knowledge of the individual’s location. High rates of data change 
while moving require algorithms to efficiently perform re-routing.  
Zaidi and Mark 2005, suggest two new mobility tracking algorithms based on Wi-Fi 
Received Signal Strength Indication (RSSI) measurements and Kalman filtering. The issue is 
that there is no defined relationship between the RSSI value and power level in mW or dBm. 
This has resulted in non-standard ways to report accuracy, granularity, and range for the 
actual power (measured as mW or dBm) and the range of RSSI values (from 0 to RSSI Max). 
Mobility monitoring and spatial-awareness can be studied using standard compliant IEEE 
802.11k RCPI measurements and IEEE 802.11p-2010. RSSI is acquired during the first stage 
of receiving an 802.11 frame. However RCPI is a measurement that covers the entire 
received frame with defined absolute levels of accuracy and resolution. RCPI indicates the 
received channel power of a Beacon, Measurement Pilot, or Probe Response frame in dBm, 
as defined in the RCPI measurement clause for the indicated PHY Type. The reason for RCPI 
is accuracy and resolution enforced on it through the use of IEEE 802.11k.  
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A Wi-Fi application I developed named SunsetWiFi (appendix B) can be used to query the 
reachable and configured Wi-Fi connections. The RSSI value has no units for accuracy and 
there is no relationship with the power level in mW or dBm. How will network handoffs be 
accomplished? These are among the reasons why RSSI isn't a viable option for mobility 
management. However the case is reversed with RCPI. It has defined units and there is a 
relationship between the value and the power level. 
There are two main potential issues to using smart WLAN’s for human mobility analysis and 
monitoring. The first bottleneck is that 802.11k standard is available, but rarely implemented 
by vendors. The base version implemented by operators is the 802.11-2007 and 802.11n 
standards. This standard includes amendments to a, b, d, e, g, h, i and j. As a result, RCPI 
data cannot be extracted from access points. The data available for measurements is RSSI. 
The 802.11n standard incorporates 802.11k, but is disabled by default in most supported 
access points. The key reason for this is the lack of client support. It has also been discovered 
to cause connection issues with older clients. The second bottleneck is insufficient WLAN 
infrastructure, mobility data, and non-availability of mobile phone location dataset. 
 
2.1.3 GSM based Positioning for Mobility Analysis and Monitoring 
GSM is the most ubiquitous cellular telephony standard in the world (Redl et al., 1998). 
GSMPS uses the location of the cell tower to estimate the position of the mobile device. Five 
different cell sizes exist in a GSM network. The cells are macro, micro, pico, femto, and 
umbrella cells. Macro cells provide the main radio coverage infrastructure for a mobile 
network. They are cells where the base station antenna is installed on a mast or locations 
above average roof top level. Macro cells are found in rural areas and have a cell size of up to 
35 kilometres (22 miles) (Trevisani & Vitaletti, 2004; Lloret et al., 2011; Varshavsky et al., 
2006; Redl et al., 1998). Micro cells provide radio coverage and additional capacity where 
high numbers of users exists within urban and suburban macro cells. The cell range is 100 
metres to 1km (Trevisani & Vitaletti, 2004). Micro cells typically have their antenna height 
under average roof top level. Pico cells provide more localised coverage than microcells. 
They are mainly used indoors where their coverage is only a few metres. The cell range is 10 
to 100 metres (Trevisani & Vitaletti, 2004). Femto cells connect to the internet and are used 
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in residential or small business environments. The cell size is up to 10 metres (Redl et al., 
1998). Umbrella cells provide coverage for unreachable regions of smaller cells.  
Since the mobile phone can be anywhere within a cell, the accuracy is dependent on the size 
of the cell coverage area. Location determination based on GSM provides location accuracy 
from some few meters up to 35 km. This is the least accurate localization method as the 
mobile device could be anywhere within the range of the cell tower, e.g., indoor buildings 
located in remote areas where the mobile device is in range of one cell tower. The 
disadvantages are: high location inaccuracy and constant updating of the cell tower database 
with the location changes.  
GSMPS triangulation involves using the location of three or more cell towers which have 
detected the mobile phone signal to triangulate a user’s position. This location determination 
technique is more energy efficient, but less accurate than GPS, see Table 2-1. It is beneficial 
in circumstances where GPS and WPS are not available. For example indoors in buildings 
with no Wi-Fi access. Among the limitations are: high location inaccuracy due to mobile 
phone signal being picked up by less than three cell towers, increased localization error in 
remote regions and constant updating of the cell tower database with the cell tower location 
changes. An additional complication with this method is that even though the GSM standard 
permits a mobile phone to receive RSSI information from up to seven cell towers (Ibrahim & 
Youssef, 2011), most cellular providers only permit reading signal strength information about 
the associated cell tower (Lin et al., 2010). Due to this limitation in the thesis the main focus 
is on GSMPS location determination rather than GSMPS triangulation. 
Similarly, when GSMPS is used alone, it is inadequate in terms of mobility profiling as 
although it can provide an estimate of the current location, but it cannot accurately classify 
the current human mobility state.  
 
2.2 Inertial versus Transceiver based Sensor Positioning for Mobility 
Analysis and Monitoring 
Mobility can be determined using smartphone sensors that are of two main types. First, 
transceiver based location signal sensors such as GPS and those based upon Wi-Fi and GSM. 
They require data exchange between multiple transmitters and receivers, i.e., to determine the 
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TOA or RSSI. These require an active transceiver link that are affected by different kinds of 
electromagnetic interference and signal variation that lead to position inaccuracies of the 
order of 10m (Constandache, Bao, et al. 2010) and in turn lead to inaccuracies in the derived 
velocity and acceleration. Second, inertial based sensors that directly measure physical world 
phenomena that relate to position and/or orientation changes such as an accelerometer, 
gyroscope, orientation, and magnetometer.  
Mobility classification using smartphone is challenging. First, inertial sensor measurements 
of human mobility are body position dependent. It is impractical to require a fixed 
smartphone on-body placement for inertial sensors in real-world mobility classification. 
Second, there is the issue of sensor noise. Acceleration data also varies for similar mobility 
types, thus making it more difficult to finely differentiate certain types of mobility. 
Smartphone based transceiver or inertial sensors alone cannot be used effectively for human 
mobility analysis and monitoring. A hybrid method that incorporates both inertial and 
transceiver types of sensors is required. Chapter 3 discusses the related work for hybrid 
sensing techniques. Chapters 4 and 5 detail a hybrid energy-efficient location determination 
method for human mobility analysis and monitoring using smartphones. The method 
incorporates the use of GPS, WPS, GSMPS, and an accelerometer. 
 
2.3 Factors Required to Evaluate the Energy-Efficiency of Location 
Determination Techniques 
The selection of which location determination technology is active (reducing the degree of 
activation saves energy) depends on if the human subject being monitored is moving or not. 
This raises several research questions. Under which user location contexts should different 
combinations of GPS, WPS, or GSMPS technologies be invoked and when should the switch 
occur? When should location sensors be turned on and off? The challenge is determining the 
appropriate conditions to activate and deactivate the three different location determination 
technologies sensors which are GPS, WPS, and GSMPS.  
Table 2-1 shows the energy-accuracy trade-off for GPS, WPS and GSMPS. Varshavsky et 
al., 2006 show the possibility of 2 to 5 meters localization error indoors and 70 to 200 meters 
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median error outdoors using GSMPS. GSMPS is more energy efficient, but is less accurate 
than GPS and WPS; it is beneficial where GPS and WPS are not available.  
 
Table 2 - 1: Shows the comparison between the various location determination techniques based on 
location accuracy and time to exhaust the Samsung S smartphone battery with continuous location 
sampling. 
Location determination technology Location accuracy(meters) Lifetime (hours)  (See chapter 6) 
GPS 10 (Constandache, Bao, et al. 2010) 12 
WPS 20-30 (Skyhook, 2012) 46 
GSMPS 200-30,000 (Varshavsky et al., 2006) 63 
 
The three criteria necessary to classify the energy-efficient location determination schemes 
are outlined. They are location sensor usage, human mobility state classification, and location 
accuracy. These three factors were derived based on the results of the smartphone 
experiments involving combinations of GPS, WPS and GSMPS location technologies 
(chapter 6). Figure 2-1 shows the experimental use-case steps executed in deducing the 
factors necessary to evaluate the energy-efficiency of location determination techniques used 
by smartphones. Details of the LocationStudy application I developed for the study are in 
appendix B. The use-case undertaken involves the followings steps which measure the actual 
time taken to deplete the smartphone battery energy-efficiency of smartphones. 
1. Continuous smartphone location sampling using GPS 
2. Continuous smartphone location sampling using WPS 
3. Continuous smartphone location sampling using GSMPS 
4. Continuous smartphone location sampling using combined GPS and WPS 
5. Continuous smartphone location sampling using combined GPS, WPS, and GSMPS. 
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LocationStudy Android Application
Activate GPS,WPS, 
and GSMPS 
experiments
Activate GPS 
experiments
Activate WPS 
experiments
Activate GSMPS 
experiments
Activate GPS and 
WPS experiments
Extract experiment 
results
User
1
2
3
 
Figure 2-1: Use-case describing the experimental steps (numbers 1-3) executed in deducing the 
factors to evaluate the energy-efficiency of location determination techniques used by smartphones. 
 
1. Location sensor usage - The energy-consumed for smartphone based location sensing 
depends on the location determination technology used. Using the Nokia N95 phone it 
takes GPS, WPS, and GSMPS approximately 9, 40, and 60 hours (Constandache+, et 
al. 2009) respectively to deplete the phone battery.  
2. Human mobility state classification - Continuous location updates requires a 
combination of GPS, WPS, and GSMPS location determination techniques. The aim 
is energy conservation and for this reason running a minimum number of location 
determination sensors is vital. To achieve this aim a sensor selection algorithm is 
required to determine when and which location sensors to activate and deactivate.  
3. Location accuracy - This is the energy-consumption versus location accuracy trade-
off. See Table 2-1.   
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The system comparison model is shown in figure 2-2. The goal is turning-on the minimum 
set of sensors based on the human mobility context for optimal energy consumption that does 
not compromise the location accuracy. 
 
Energy-Efficient 
Location Determination 
(EE-LD) Technique
Human mobility 
state 
classification
Location 
accuracy
Location sensor 
usage
 
Figure 2-2: Factors to evaluate the energy-efficiency of location determination techniques for 
smartphones. 
 
2.3.1 Location Sensor Usage  
The three main WAN type location sensing technologies used by smartphones are GPS, 
WPS, and GSMPS. Sensing and recognizing human mobility states using mobile devices 
provide the necessary context data for smartphone applications. Optimal location sensor 
selection and selectively using a minimum set of location sensors based on the human 
mobility state promotes smartphone energy-efficient location determination.  
Energy-efficient schemes must implement a location sensor selection algorithm. The location 
sensor used should depend on the location information service being offered. For social 
context services WPS could suffice, but for navigation services such as driving directions in 
urban areas then GPS is more beneficial. 
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2.3.2 Human Mobility State Classification  
Achieving reduced energy consumption requires the ability to detect the human context and 
transition state. This is the capability of the smartphone to detect a user's motion state and 
environment. There are several low energy sensors such as the accelerometer, magnetometer, 
and gyroscope available today in smartphones that can assist in determining the human 
mobility context. Ravi et al., 2005 use the accelerometer to distinguish between eight 
different mobility types. The mobility types are standing, walking, running, climbing up 
stairs, climbing down stairs, sit-ups, vacuuming, and brushing teeth. A user’s mobility 
transition from being stationary to in-motion can be detected by checking changes to a user’s 
phone cell ID. Note, in urban areas this could suffice, but in remote locations where the cell 
size range could be up to 35km (Varshavsky et al., 2006) this will be highly inaccurate. 
Knowledge of the human mobility state information enables the smartphone to auto-alter its 
configuration. Context-awareness aids in availability. Availability refers to the ability to 
reliably acquire a location estimate, e.g., availability of location estimates indoor or outdoor. 
The availability percentage is a measurement of the total time location updates are available 
via the system versus the total time since the application was deployed and running on the 
smart device. The availability percentage generally depends on the availability of GPS, Wi-
Fi, and GSM signals. For optimal energy savings with reduced localization error the system 
must be pervasive with minimized user distraction, e.g., in an idle state, WPS consumes the 
most energy. With an obstructed view of signals from GPS satellites, GPS localization is 
limited. An energy-efficient location determination technique should be able to detect and 
react to such states. For example in the absence of GPS, turn-off GPS and use WPS. In the 
absence of both deactivate the sensors and use GSMPS. 
Table 2-2 displays the current energy consumed by each Android accelerometer sensing 
mode. Schemes that sample the accelerometer in normal mode aren't consuming any 
additional energy. This is because this mode is used continuously to detect tilting of the 
mobile (Youssef et al., 2010; Sharkey, 2009).  
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Table 2 - 2: Energy utilized by accelerometer/magnetic sensors (Sharkey, 2009). 
Accelerometer/Magnetic sensors 
Accelerometer mode Current 
Normal 10mA (used for orientation detection) 
UI 15mA (about 1 per second) 
Game 80mA 
Fastest 90mA 
 
2.3.3 Location Accuracy 
Location accuracy is defined as the quantifiable error measurement between the estimated 
and actual location of a tracked mobile device. A common approach used by location 
determination techniques to promote energy-efficiency is to reduce the location sensor 
sampling rate. EEMSS (Wang et al., 2009) sample GPS every 20 seconds, EnLoc 
(Constandache+, et al. 2009) sample GPS every 30 seconds, and GAC (Youssef et al., 2010) 
sample GPS between 0 and 120 seconds. The known issue with such schemes is the increased 
average localization error, but my experimental study shows the GPS sampling rate must be 
increased to a certain threshold to achieve any noticeable reduced energy consumption. 
Figure 6-1 shows the time to exhaust the smartphone battery using GPS, WPS, and GSMPS. 
Figure 6-28 displays the effect on the battery from altering the location sampling rates of 
GPS. Energy-efficient schemes must sample location sensing technologies such as GPS at 
reduced rates, such that the average localization error would not be compromised. 
Table 2-2 shows the sources of GPS errors. Also since location based applications can cope 
with an error level of 100 metres then limited use of GPS is acceptable (Paek et al., 2010). 
 
Table 2 - 3: GPS sources of error (Al-Suwaidi et al., 2009). 
Source Effect 
Ionospheric errors ± 5 meters 
Ephemeris errors ± 2.5 meters 
Satellite clock errors ± 2 meters 
Multipath distortion  ± 1 meter 
Tropospheric effects ± 0.5 meter 
Numerical errors ± 1 meter or less 
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2.4 Summary 
In this chapter an overview of using transceiver and inertial sensors for human mobility 
analysis and monitoring has been presented. Also the factors to evaluate the energy-
efficiency of location determination techniques for smartphones have been deduced using an 
experimental use-case. The factors are location sensor usage, human mobility state 
classification, and location accuracy. To optimize energy savings with a reduced average 
localization error the system should be aware of a user’s mobility state and turn on or off 
sensors accordingly. This user state and transition can be detected using the embedded 
smartphone sensors such as the accelerometer. 
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3 Literature Review 
The current state of the art techniques for optimising the energy efficiency of location and 
mobility based architectures are critically analysed. The focus is a combination of two main 
approaches, using a transceiver sensor based approach, i.e., GPS, Wi-Fi and GSM; and using 
inertial sensors such as accelerometer and magnetometer. Embedded low energy smartphone 
sensors such as Wi-Fi detector, Bluetooth, accelerometer, gyroscope, light, linear 
acceleration, magnetic field, pressure, proximity, rotation vector, temperature and orientation 
are being leveraged to aid energy-efficient location determination. Research on energy-
efficient location determination techniques for smartphones has been undertaken.  
In this chapter a review of these research ideas is provided by studying the underlying 
architectures adopted. There are three main sections, firstly, on energy-efficient smartphone 
based location determination techniques; secondly, on energy-efficient smartphone based 
mobility profiling techniques. Finally a comparison of energy-efficient smartphone based 
mobility and location determination techniques is presented.  
 
3.1 Energy-efficient Smartphone based Mobility Profiling Techniques 
Recognizing, classifying and deriving the human and robot mobility profile in a non-intrusive 
manner are important research issues in pervasive computing that facilitates a raft of 
applications. Miluzzo et al., 2010, present a sensing proof of concept model using the 
microphone. Ra et al., 2010, use the gravity sensor. Azizyan et al., 2004, use the light sensor. 
These sensors can provide useful information about the immediate state of the physical 
environment, which in turn can promote improvements in the use of localization technologies 
(Thomas et al., 2011). 
Ravi et al., 2005, shows that plurality voting is the optimal classifier for mobility recognition 
using a single 3D accelerometer as it consistently outperforms stacking. Without noise 
filtering the research was able to distinguish between walking and running using just the 
correlation. This research shows that distinguishing between stationary and in-motion human 
mobility states could be achieved using a correlation formula. 
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Wang et al., 2010, show that an acceleration synthesis method can be used as a more accurate 
location determination method than an acceleration decomposition method. This work could 
identify mobility types regardless of the accelerometer sensor on-body placement. This work 
could distinguish between human modalities such as standing, walking, cycling, bus, car, and 
underground train.  
Cornelius and Kotz, 2011, show how sensors can wirelessly communicate their data to 
smartphones using the accelerometer. They make the assumption that if sensors are on the 
same body, then at a coarse level all of the accelerometer sensors experience similar 
accelerations. This work is able to determine if a sensor node is installed on the same body. 
This shows the usefulness of accelerometers in detecting on-body placements of sensors. For 
example in health monitoring, a patient’s smartphone can detect the attached sensors, 
ignoring sensors within range that are not attached to the patient. 
Reddy et al., 2010, used a mobile phone with a built-in GPS receiver and an accelerometer to 
detect transportation modes. The transportation modes identified include stationary, walking, 
running, biking and motorized transport. They found that a combination of multiple 
algorithms lead to a higher accuracy in certain cases. For instance a two-stage system 
involving the most accurate instance based classifier combined with a discrete Hidden 
Markov Model leads to a higher accuracy than an individual decision tree. It should be noted 
that this could vary depending on the nature of the data set. The accuracy level is 93.6%. This 
technique is energy-efficient as GPS is only required to acquire the initial location.  
Hache et al., 2010, uses the vertical axis (Y axis) acceleration to differentiate between static 
and dynamic states. The Y-axis (vertical) and Z-axis (forward) were also used to classify 
posture and identify postural transition. The Signal Magnitude Area (SMA) was also found to 
be viable in mobility measurements. The schemes boosts high energy-efficiency as 
continuous GPS sampling is not required.  
Khan et al., 2010, shows that Kernel Discriminant Analysis (KDA) outperforms Linear 
Discriminant Analysis (LDA) in improving the class separation, providing an average 
recognition rate of up to 96%. They also use the Signal Magnitude Area (SMA) to 
differentiate between static and dynamic activities using 3D accelerometer signals. This 
framework can detect activities such as standing, walking, running, cycling, and driving with 
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an average recognition rate of up to 96%. Also the method relies on low power mode 
accelerometer use. 
Nick et al., 2010, identified transportation modes, travel by car, train and pedestrians, using 
the accelerometer data. The results showed accuracy over 97% using a one-against-one and 
one-against-all Support Vector Machine compared to over 93% accuracy using a Naive 
Bayes classifier.  
Hongman et al., 2011, presented an Android based pedometer system which uses the 
accelerometer and orientation sensors. The architecture studied the top (peak) and bottom 
(trough) of the acceleration wave. The paper compares a single acceleration sensor versus a 
multi-sensor pedometer. For the single acceleration sensor, a configured threshold is used to 
filter the accelerometer noise. Two methods to determine the thresholds are fixed using test 
data and dynamic using real-time user data. The human steps are calculated using the wave 
crest (trough). There results show that a multi sensor (accelerometer and orientation) is more 
accurate and presents more differences in terms of acceleration in the gravity direction. 
Sugimori et al., 2011, presented an automatic human walking authentication system using the 
embedded smartphone accelerometer. They study forward steps using the left and right leg 
with the smartphone worn on the waist. Smartphone on-body placements also considered are 
front and rear pockets using 5 male subjects. The features extracted for walking recognition 
are the highest and lowest value of the 3-axis compound acceleration and the spectrum 
processed by FFT. The experiment uses three classifiers. The classifiers are C4.5 decision 
tree, naive Bayes and support vector machine. The results showed that naive Bayes was the 
best performing classifier with a classification accuracy of approximately 90%.  
Inoue & Hattori, 2011, propose a two-tier approach involving multi-level segmentation and 
mobility recognition using microphone sound and accelerometers. The data features extracted 
include mean, frequency-domain energy, and frequency-domain entropy of each axis. Also 
the correlation of the combined axis was extracted. The architecture was validated using data 
gathered from nurses working at a hospital with the smart device placed in their breast 
pockets with a fixed direction. Using 216 IPod Touches as smartphones sensor data was 
gathered 35310 times for several users and human activities during a 14 month period. This 
architecture requires low computational effort due to the features extracted. The features 
extracted include mean, frequency-domain energy (mean absolute FFT values), frequency-
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domain entropy (entropy of the absolute FFT values minus the mean) and the correlation of 
the combined axis. 
Henpraserttae et al., 2011, investigated two major issues in using the embedded smartphone 
accelerometer for continuous mobility monitoring. The issues identified are smartphone 
orientation and on-body placement. They propose a two-step signal transformation method to 
generate uniform signals from different placements and orientations. The first step involves 
pre-processing input signals by normalization with the mean and standard deviation. The 
second step applies Eigen-decomposition to the covariance matrix of the projected data. The 
data gathering was done by 10 participants for 6 daily activities using 16 different 
smartphone orientations and 3 smartphone on-body placements (front shirt pocket, front 
trouser pocket, and front waist). The features extracted are mean, standard deviation, and 
variance magnitude. The on-body placement results show that attaching the smartphone to 
the waist had the highest recognition accuracy followed by front shirt pocket then front 
trouser pocket. The results using a single device orientation show that classification accuracy 
with the proposed signal transformation method was approximately 42% to 51% better than 
without signal transformation.  
Shyi-Shiou and Hsin-Yi, 2011, introduced an Android based Pedometer system which uses 
accelerometer and orientation sensors to detect a user's walking motion. The system provides 
three main action modes: time-based, distance-based and count-based. The time-based mode 
notifies a user once a configurable walking time is reached, distance-based mode notifies a 
user once a configured walking distance is reached, and count-based mode notifies a user 
once a predefined number of walking steps are achieved.  
Chung et al., 2011, used two separate methods namely mapping and tracking for indoor 
localization. They used an HMC6343 3D magnetic sensor with internal tilt compensated 
algorithm. The least root mean square (RMS) difference method is used for finding a location 
between each location point and the map dataset. Results show that the method has a mean 
error of 3.05 m, standard deviation of the error is 4.09 m, maximum error is 15 m, and that 
70% of the predicted data had errors of less than 2 meters. The device is worn on the chest to 
prevent arbitrary rotation. Error distribution for both experiments shows that 75.7% of the 
predicted positions have an error less than 1m. The method was able to differentiate between 
two floors using the fingerprint data with 120 location points (60 points from each floor) with 
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100% accuracy. Results also show the min RMS distance between any two measured location 
points in the fingerprint map is 1.96µT. The error tolerance must be less than 0.98µT for any 
location to be resolved to the correct fingerprint.  
Suksakulchai et al., 2000, proposed an indoor localization technique based on electronic 
compasses which use magnetic field noise as location recognition signatures. The technique 
works by storing in memory electronic compass data as a robot travels along a hallway. The 
current data is then computed using the discrete least square equation which is then compared 
with the historical existing data. A 2D electronic compass from Precision Navigation Inc., 
Vector2X, is used for the experiments and electronic compass readings are extracted every 
200mm traversed.   
Navarro and Benet, 2009, presented a technique that used a mobile robot to characterize 
indoor locations using their magnetic field, used a map of these field strengths to help 
determine the local heading of robots. A robot equipped with an electronic compass then 
given estimates of a robot's position based on odometry and dead reckoning. A map based 
only on raw compass data can be built. A differential drive robot called YAIR (Yet Another 
Intelligent Robot) and an electronic compass Honeywell HMR300 supplied the magnetic 
field data. The technique is able to correct heading errors by matching data from the magnetic 
compass against a reference magnetic map. Experiment results show the magnetic compass 
readings agreed with the magnetic map over time.  
Haverinen and Kemppainen, 2009, presented experiments that proposed that concrete and 
steel buildings have a unique magnetic field and thus can be used by mobile robot 
localization. A Monte Carlo localization (MCL) technique was used to estimate the human or 
robot position given the magnetic field and dynamics of the target. The experiment goal was 
to estimate the robot position using an MCL technique from an unknown position along a 
corridor path while the localization target followed along the centreline of the corridor. The 
3D magnetometer was placed on the human chest and data sent wirelessly to the base station 
for storage. 
Georgiou and Dai, 2010, presented a technique that used two electronic compasses to 
compute the robot's position and orientation on a 2D Cartesian plane. An analytical model 
with minimal computation using two compasses is presented. A Philips KMZ51 sensor with 
sampling rate of 10Hz is used. The accuracy of the output resolution is 1 decimal place from 
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0.0° to 359.9°. The model involves using the robot's dual shaft encoders and double compass 
configuration for localization. The model has the issue of accumulative drift due to the 
utilization of quadrature shaft encoders. 
None of this related work above can determine the real-time human mobility state energy-
efficiently. For instance even though Ofstad et al., 2008 sampled the accelerometer at an 
energy-efficient rate of 1Hz, the processing of the accelerometer data is performed on a 
remote server. In contrast architectures that determine the real-time human mobility state tend 
to sample the embedded smartphone sensors such as the accelerometer at a high frequency, 
which results in a high battery consumption. 
 
3.2 Energy-efficient Smartphone based Location Determination 
Techniques 
AAMPL by Ofstad et al., 2008, is a system that detects the users’ movement using the mobile 
phone accelerometer and in-turn places the mobile phone in the right context. The AAMPL 
framework accepts the approximate physical location of a mobile phone and augments it with 
context-aware logical localization. Evaluation using Nokia N95 phones showed that AAMPL 
was able to correct physical locations derived from phone GPS and Google Maps. Given the 
estimated location of a mobile phone as input this method can further improve the location 
accuracy by augmenting with the accelerometer. This further showed the benefits of the 
smartphone accelerometer in determining a user location. The AAMPL scheme is able to 
distinguish between location contexts such as a user sitting or being stationary in a coffee 
shop, versus standing or moving in a grocery store.  
EEMSS by Wang et al., 2009, uses the embedded smartphone sensors to recognize user states 
and detect state transitions. It uses a combination of sensor reading from the accelerometer, 
Wi-Fi detector, GPS, and microphone to automatically recognize the user state as described 
by three real-time conditions; namely motion (such as running and walking), location (such 
as staying at home or on a freeway) and background environment (such as loud or quiet). 
Evaluation of EEMSS with 10 users over one week show an increase in the mobile device 
battery life by more than 75% while maintaining both high location accuracy of 92.56% and 
low latency in identifying transitions between end-user activities. This technique has the 
ability to detect a user state and transition using low-energy mobile phone sensors. EEMSS 
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powers only a minimum set of sensors and using appropriate sensor duty cycles it 
significantly improves device battery life. This location determination technique is useful in 
determining the user state which will aid in deriving the appropriate localization technology 
to invoke, e.g., if the user is indoors or underground then disable GPS.  
The EnLoc framework by Constandache+ et al., 2009, characterizes the optimal localization 
accuracy for a given energy budget, and develops prediction based heuristics for real-time 
use. Evaluation of traces from real users demonstrates the possibility of achieving good 
localization accuracy for a realistic energy budget. EnLoc evaluated four optimal schemes 
which include optimal GPS, Wi-Fi, GSM, and these combined. The results revealed that the 
OptComb scheme which includes GPS, Wi-Fi, and GSM outperformed the OptGPS (GPS 
only), OptWiFi (Wi-Fi only), and OptGSM (GSM only) schemes. This shows that a 
combination of localization techniques is more energy-efficient.  
GAC by Youssef et al., 2010, is a hybrid GPS, accelerometer and compass scheme that 
synchronizes GPS data with low-energy accelerometer and compass sensor data infrequently. 
Evaluation results from driving on both highways and intra-city show that the proposed 
hybrid scheme leads to an exponential saving in energy, with a linear loss in location 
accuracy as compared to GPS. The evaluation also studied the effects of the different 
parameters on the energy-accuracy trade-off. This is an energy efficient method in that GPS 
is only enabled to obtain the initial location and velocity then periodically to obtain a better 
location estimate. In the absence or limited availability of GPS this scheme can be further 
enhanced by augmenting GPS with a combination of WPS and GSMPS. This technique is 
energy-efficient due to its limited reliance on GPS and use of low energy accelerometer and 
compass sensors.  
RAPS by Paek et al., 2010, uses the location-time history of the user to estimate the user 
velocity and adaptively turn on GPS only if the estimated uncertainty in position exceeds the 
accuracy threshold. It also efficiently estimates user movement using a duty-cycled 
accelerometer, and utilizes Bluetooth communication to reduce position uncertainty among 
neighbouring devices. Finally, it employs cell tower-RSS blacklisting to detect GPS 
unavailability and avoids turning on GPS in these cases. RAPS is highly energy-efficient as 
the tests results reveal it has over 3.8x longer battery lifetime as compared to continuous GPS 
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sampling. Also the ability of RAPS to combine with WPS is a great advantage. This will 
permit operations in indoor locations with no GPS signals. 
Escort by Constandache et al., 2010, is a system that guides a user to the vicinity of a desired 
person in a public place. An audio beacon, accelerometer and compass are used. On average 
the location accuracy is 8 meters. This architecture was evaluated because it doesn't require 
GPS or Wi-Fi to locate an individual. This work shows the importance of low energy sensors 
such as the accelerometer and compass in determining the human mobility context. These 
sensors can detect when a user is stationary and disable all other sensors then enable them 
again once movement is detected. In other words these sensors are the key to managing 
mobile phone embedded localization sensors such as GPS and WPS. The technique is also 
very accurate. On average the accuracy is 8.2 meters without need for war-driving or signal 
calibration. Comparison in terms of average localization error and performance with Wi-Fi 
could be beneficial. 
EnTracked system by Kjærgaard et al., 2009, can track mobile devices robustly and energy-
efficiently. EnTracked can reduce power consumption and guarantee robustness by 
calculating an optimal plan, using an accelerometer to decide when to turn on and off sensors 
such as the GPS. This architecture uses both an accelerometer and GPS to detect a change in 
the user’s mobility state. This technique is based on the estimation and prediction of system 
conditions and mobility, schedules position updates to both minimize energy consumption 
and optimize robustness. This is an energy efficient technique due to scheduling the use of 
GPS. 
Zhuang et al., 2010, presents a location sensing framework that includes four design 
principles: substitution, suppression, piggybacking and adaptation. Substitution incorporates 
the use of alternative low energy location-sensing mechanisms as compared to GPS. 
Suppression uses embedded smartphone sensors such as the accelerometer. Piggybacking 
synchronizes the location update requests from multiple running location based applications. 
Adaptation adjusts system-wide sensing parameters when the battery level is low. The 
evaluation results show a reduced usage of the GPS by up to 98% and improved battery life 
by up to 75%. This is a high energy-efficient technique due to the reliance on low-energy 
location-sensing mechanisms. Also the ability to synchronize location update requests for 
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sensors such as GPS could lead to savings in energy consumption due to the reduced number 
of invocations. 
These surveyed techniques save battery energy by reducing the location sensor sampling 
rates. A major side-effect of this is an increased average localization error. The energy-
efficiency can be further improved without compromising location accuracy by implementing 
a location sensor algorithm managed by erudition of the human mobility state, which aids in 
the activation and deactivation of location sensors. Table 3-1 shows that the majority of 
existing methods use feature extraction methods that impose an extra computational and 
hence increased energy load on the smartphone. A majority of existing architectures, except 
the work done by Wang et al., 2010, have on-body restrictions as to where users should carry 
their mobile devices because otherwise this introduces variability (noise) to the accelerometer 
readings. 
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Table 3 - 1: Summary of factors affecting the energy-efficiency of location determination and 
mobility profiling using smartphones. 
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3.3 Summary 
This chapter has presented two surveys. First, a survey of energy-efficiency in smartphone 
based location determination techniques. Second, a survey of energy-efficiency in 
smartphone based human mobility profiling techniques. It also presented a summary of 
factors affecting the energy-efficiency of location determination and mobility profiling using 
smartphones. The factors selected are the number of subjects, human mobility states studied, 
sensor sampling frequency, smartphone sensors sampled, mobility state classifiers, 
smartphones placements (free or fixed positions), continuous location sensor sampling, and 
real-time human mobility state determination with a time constraint of 2 seconds.  
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4 EHMS: Energy-efficient Human Mobility Sensing  
This chapter details the EHMS method used to classify the human mobility state. Embedded 
smartphone sensors are used for mobility monitoring. Several researchers have attempted to 
classify human mobility contexts such as motorized movement, cycling, and walking using 
mobility detection systems that require the sensors to be placed on specific parts of the body. 
Mobility detection using smartphones requires a recognition technique that can function 
regardless of the alignment of the smartphone because placing accelerometers on specific 
parts of the body makes it impractical for real-world mobility detection. The experimental 
results (chapter 6) show that the acceleration data varies for similar mobility types, thus 
making it more difficult to detect types of mobility accurately. Use of mobility detection 
sensors must also not cause the phone battery to be depleted too quickly. An energy-efficient 
framework namely EHMS is presented. EHMS uses a probabilistic algorithm to differentiate 
between mobility types in real-time using readings from the embedded smartphone 
accelerometer. It works regardless of the smartphone on-body placement and orientation (see 
section 4.2). 
 
4.1 Design Issues 
The core design issues for this framework are as follows: 
 The choice of the accelerometer as the sensor used to determine the human mobility 
state: The magnetometer which provides orientation readings is ignored because of 
large errors caused in the presence of ferrous metals. Magnetic flux measurements by 
Thomas et al., 2011, show strong distortions in types of transportation such as trains, 
buses and cars. However these errors can permit the magnetometer to detect travel via 
motorized movement such as car and bus. Combined use of electronic compasses and 
accelerometers can create a directional trail of a user (Constandache, Choudhury, et 
al. 2010). The compass isn’t used because there is no need to get the direction. The 
camera use is ignored due to its high energy usage of 1258 mW (Abdesslem et al., 
2009). The use of Bluetooth is ignored due to insufficient density of non-mobile 
devices useful in location determination. Also scanning for Bluetooth devices takes 
about 10 seconds to complete. At this slow rate Bluetooth beacons could be missed 
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while walking (LaMarca et al., 2005). Coupled with a transmission range of 
approximately 10m this makes Bluetooth unfeasible for location determination. 
Gyroscope sensor data was ignored due to the drift in the measured signal. To correct 
the drift and movement artefacts in the gyroscope signal, computational-intensive 
signal processing and filtering were necessary (Najafi et al., 2002). In addition, the 
MEMS gyroscope was excluded due to due to noisy and erroneous measurements 
(Sadaghzadeh et al., 2014). 
The accelerometer is a key sensor to minimizing human interaction in ubiquitous 
computing. Smartphones provide sophisticated real-time sensor data for processing 
and accelerometers are among the most common sensors used for mobility 
monitoring. Cornelius & Kotz, 2011, Reddy et al., 2010, Khan et al., 2010, Hache et 
al., 2010, Wang et al., 2010, and Ravi et al., 2005 all use the accelerometer for 
mobility detection. Bourke et al., 2007, distinguished between daily mobility types 
and falls using the readings from accelerometer sensors strapped to the trunk and 
thigh. Waluyo et al., 2010, use a sensing architecture to integrate a set of body sensors 
attached to a user that is capable of detecting mobility types such as lying, sitting, and 
standing, and walking. 
 The choice of features extracted from the accelerometer (see section 4.2.1). 
 The choice of classifiers used for feature analysis (see section 6.1) 
 The choice of on-device data analysis and processing rather than an on-demand 
remote data exchange approach. An on-device approach was implemented as it 
presented several advantages over the remote data exchange approach such as reduced 
network costs and real-time data processing. 
 The choice of fixed vs. variable smartphone on-body placement and orientation. The 
variable approach was embraced as it is more practical for real-world scenarios (see 
section 6.3.2). 
 
4.2 EHMS Architecture 
Today smartphones are being equipped with sensors that can capture human mobility 
contextual information about the individual location, acceleration, orientation, etc. However 
there is a limit on the battery power of the smartphone before recharging is required. The 
ability to determine the human mobility state using smartphones is highly beneficial to 
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adaptive services, for instance, to auto adapt the user profile to the user circumstances and 
preferences. Figures 4-1 and 4-2 show the EHMS architecture and a human mobility use-case 
respectively. 
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Figure 4-1: EHMS architecture. 
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Figure 4-2: Human mobility use-cases describing the circumstances when EHMS is required. 
 
Using the accelerometer signal, the EHMS application was researched and developed to 
classify the human mobility state and gather accelerometer data. The implementation was 
done on the Android platform. Details of the application are discussed in appendix B. EHMS 
consists of two aspects: human mobility state classification and optional user personalization. 
 
4.2.1 Human Mobility State Classification 
A user’s mobility transition from being stationary to in-motion can be detected by checking 
changes in the GSM phone cell ID details. In urban areas this will suffice, but in remote 
locations where the cell size range could be up to 35km (Varshavsky et al., 2006) this method 
could be highly inaccurate.  
In the Android OS there are four sensing modes for sampling accelerometer readings 
(Android Developer, 2013). Schemes that sample the accelerometer in normal mode consume 
negligible additional energy as long as the screen is lit or CPU running. This is because this 
mode is already being used continuously to detect tilting of the mobile device for use in 
different applications (Youssef et al., 2010).  
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For accelerometer data gathered for similar mobility types with different smartphone on-body 
placements and orientations, more than one axis needs to be taken into consideration for a 
pattern match to be found. To combine (𝑥,𝑦, 𝑧), readings regardless of the smartphone 
orientation the magnitude of the accelerometer signal vector (MASV) is used. Given the 
accelerometer readings (𝑥,𝑦, 𝑧), the MASV is calculated using the formula ‖𝑣‖ =
�𝑥2 + 𝑦2 + 𝑧2. Figures 4-3 and 4-4 show a graph of plotting the ||𝑣|| for selected urban 
human mobility types. It can then be deduced based on a visual evaluation of the number of 
peaks and troughs that each travel mode has, a distinct pattern that can be discovered over a 
certain period. In the rest of this sub-section, I detail the steps undertaken to classify the real-
time human mobility state within 2 seconds (8 accelerometer samples) using the smartphone 
3D accelerometer readings.  
 
 
Figure 4-3: Graph of ||v|| for travel by car, light rail train, walking and stationary (no movement). 
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 Figure 4-4: Graph of ||v|| for travel by car, light rail train, and stationary. 
 
The following light-weight computation features are extracted as classifiers from the 
accelerometer readings for a given human mobility state. An aim for selecting these features 
is to only select those features that are simple but effective. A simple feature refers to a 
feature that has a low computational effort to derive, e.g., time domain features that can be 
extracted using a comparatively low sampling rate such as 4Hz. These features were selected 
based on the accelerometer study of the ||v|| wave patterns generated for different mobility 
types. The experiments showed the peaks and troughs (see the following sub-sections) better 
characterizes the wave patterns than the standard local/global maxima/minima. Also distinct 
human mobility states such as stationary vs. walking could be classified using the peak and 
trough features, but similar mobility types such as jogging vs. walking had overlapping 
results.  
• Peak (𝑃) acceleration. 
• Trough (𝑇) acceleration. 
• The sum (TPT) of the total number of peak (P) and trough (T) acceleration values.  
• The difference (𝑚𝑚) between the maximum of the peak and trough values and the 
corresponding minimum values. 
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• The difference (𝑃mm) between the maximum and minimum peak values. 
• The difference (𝑇mm) between the maximum and minimum trough values. 
 
Based on a visual analysis of the peaks and troughs, there were noticeable differences in the 
oscillations for different human mobility states. Research by Wang et al., 2009, Wang et al., 
2010, Hache et al., 2010, and Nick et al., 2009 all use the standard deviation as classifiers. I 
selected the six features based on the clear distinction presented by the features as compared 
to the standard deviation and mean. Figures 4-5 to 4-13 shows the normal distribution for 
1250 samples for selected human mobility states. 
 
 
Figure 4-5: Normal distribution of 1250 samples for Bus. 
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 Figure 4-6: Normal distribution of 1250 samples for Car. 
 
 
Figure 4-7: Normal distribution of 1250 samples for Light rail train. 
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 Figure 4-8: Normal distribution of 1250 samples for Underground train. 
 
 
 
Figure 4-9: Normal distribution of 1250 samples for Walking. 
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 Figure 4-10: Normal distribution of 1250 samples for Jogging. 
 
 
 
Figure 4-11: Normal distribution of 1250 samples for Cycling. 
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 Figure 4-12: Normal distribution of 1250 samples for Stationary (no movement). 
 
 
Figure 4-13: Normal distribution of 1250 samples for Stationary (slight movements). 
 
Figures 4-14 and 4-15 show the scatter plots for the standard deviation vs. mean and TPT vs. 
mm for selected human mobility states. The mobility types are travel by light rail train, car, 
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jogging, stationary (slight movements), stationary (no movement), walking, and cycling. The 
graphs were constructed by performing the calculations every 8 samples for 156 iterations 
(total is ||v|| for 1248 accelerometer samples). It should be noted that the accelerometer data 
was gathered by a single user for all seven mobility types using the Samsung Galaxy II 
Android smartphone.  
 
Figure 4-14: Scatter plot for standard deviation vs. mean for selected human mobility states. 
 
 
Figure 4-15: Scatter plot for Tpt vs. mm features for selected human mobility states. 
 
As shown from above the standard deviation vs. mean and 𝑇𝑃𝑇 vs. mm features are sufficient 
in classifying between jogging and walking, however the standard deviation vs. mean 
presented inclusive overlapping results with poor traceable match for mobility types such as 
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motorized movement (travel by light rail train and car). The 𝑇𝑃𝑇 and mm features provided a 
clearer distinction of the mobility types. Section 6.3.4 shows the user data results. 
 
Peak (P): This is the number of peaks. The Peak is the local maximum if the first and last 
elements are local minima's. Examples are shown in figures 4-16 and 4-17. The acceleration 
peak is calculated as follows: 
 𝑄𝑖 = �1, 𝑖𝑓 (𝑥𝑖+1 > 𝑥𝑖) 𝑎𝑛𝑑 (𝑥𝑖+2 < 𝑥𝑖+1) 0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  (4-1) 
𝑃 = �(𝑄𝑖)𝑛−2
𝑖=0
 
𝑥𝑖 is the ||𝑣|| of each accelerometer data point.   
𝑛 is the total number of data points. 
𝑃 is the total numbers of peaks.   
The above translates as follows, for 𝑖 = 0 to 𝑛 − 2 if the condition )( 1 ii XX >+  and 
)( 12 ++ < ii XX are true then increment the counter P by 1.   
 
 
Figure 4-16: Example using 4 samples where peak and local maxima count differ because the first 
and last elements are not local minima's. 
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 Figure 4-17: Example using 5 samples where peak and local maxima count are the same because the 
first and last elements are local minima's. 
 
Trough (T): This is the number of troughs. The trough is the local minimum if the first and 
last elements are local maxima's. Examples are shown in figures 4-18 and 4-19. Given 
different smartphone on-body placements and orientation the accelerometer magnitude varies 
for similar mobility types. For this reason using just the peak properties isn't sufficient. The 
trough properties are vital to better align the oscillations to the type of mobility. The 
acceleration trough is calculated as follows: 
 𝑄𝑖 = �1, 𝑖𝑓 (𝑥𝑖+1 < 𝑥𝑖) 𝑎𝑛𝑑 (𝑥𝑖+2 > 𝑥𝑖+1) 0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  (4-2) 
𝑇 = �(𝑄𝑖)𝑛−2
𝑖=0
 
𝑥𝑖 is the ||𝑣|| of each accelerometer data point.   
𝑛 is the total number of data points. 
𝑇 is the total numbers of troughs.   
The above translates as follows, for 𝑖 = 0 to 𝑛 − 2 if the condition )( 1 ii XX <+  and 
)( 12 ++ > ii XX  are true then increment the counter T  by 1.   
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 Figure 4-18: Example using 6 samples where trough and local minima count differ because the first 
element isn't a local maximum. 
 
 
Figure 4-19: Example using 5 samples where trough and local minima count differ because the first 
and last elements are local minima's. 
 
TPT: The sum of the total number of peak (P) and trough (T) acceleration values.  
 𝑇𝑃𝑇 = 𝑃 + 𝑇 (4-3) 
 
mm: The difference between the maximum of the peak and trough values and the 
corresponding minimum values. The following is the 𝑚𝑚 equation: 
60 
 
 𝑚𝑚 = 𝑚𝑎𝑥∀𝑖(0<𝑖≤𝑚)(𝑚𝑎𝑥∀𝑗(0<𝑗≤𝑛)(𝐺𝑖𝑃 −  𝐺𝑗𝑇)) (4-4) 
where 𝑖 and 𝑗 are integers.  
𝐺𝑃 is the group of peak values, which has 𝑚 elements.  
𝐺𝑇 is the group of trough values, which has 𝑛 elements.  
 
Pmm: The difference between the maximum and minimum peak values given the 𝑇𝑃𝑇 range 
for the mobility. The following is the 𝑃𝑚𝑚 equation. 
 𝑃𝑚𝑚 = 𝑚𝑎𝑥∀𝑖(0<𝑖≤𝑚)(𝑚𝑎𝑥∀𝑗(0<𝑗≤𝑚)(𝐺𝑖𝑃 −  𝐺𝑗𝑃)) (4-5) 
where 𝑖 and 𝑗 are integers.  
𝐺𝑃 is the group of peak values, which has 𝑚 elements.  
 
Tmm: The difference between the maximum and minimum trough values given the 𝑇𝑃𝑇 range 
for the mobility.  
 𝑇𝑚𝑚 = 𝑚𝑎𝑥∀𝑖(0<𝑖≤𝑛)(𝑚𝑎𝑥∀𝑗(0<𝑗≤𝑛)(𝐺𝑖𝑇 −  𝐺𝑗𝑇)) (4-6) 
where 𝑖 and 𝑗 are integers.  
𝐺𝑇 is the group of peak values, which has 𝑛 elements.  
 
4.2.2 User Personalization  
The motivation for personalization is due to the vast differences between different instances 
of the same type of human mobility, e.g., fast walking by one person might be considered as 
slow jogging by another. Personalization leads to an increased accuracy for human mobility 
classification. Hence the mobility classification algorithm must be able to adapt to user 
variations for each type of mobility. 
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The first step involves personalizing EHMS by reconfiguring the algorithm based on the 
smartphone accelerometer data gathered for the specific type of mobility. To personalize the 
application based on a specific mobility, the user performs the mobility for a one-off time of 
14 seconds (56 accelerometer samples). 14 seconds was chosen because a minimum of 56 
accelerometer samples are required to cover the 𝑇𝑃𝑇 range from 0 to 6. The optimal value of 8 
accelerometer samples which occurs every 2 seconds was selected after iterations involving 1 
second (4 samples), 2 seconds (8 samples), 3 seconds (12 samples), 4 seconds (16 samples), 5 
seconds (20 samples), 6 seconds (24 samples), up to 62.5 seconds (250 samples). This is 
because it presented the largest differences of 𝑇𝑃𝑇 ,𝑚𝑚,𝑃𝑚𝑚, and 𝑇𝑚𝑚 within the shortest 
computation time. It should be noted given 8 samples (2 seconds) the maximum possible 
𝑇𝑃𝑇 value is 6. The process involves deriving the following: 𝑇𝑃𝑇 range estimation, 𝑃𝑚𝑚 range, 
and 𝑇𝑚𝑚 range.   
The features extracted and used by EHMS can be applied to a wide range of real-time human 
mobility applications, e.g., as a pedometer (Oshin et al., 2013) and as energy-efficient 
location determination (Oshin+ et al., 2013).  
 
TPT range estimation:  
This is the range where the corresponding sum of the Gaussian distribution for 2 or 3 
consecutive 𝑇𝑃𝑇 values is ≥ 75%. The 75% threshold was chosen based on the analysis of 
accelerometer data gathered from 15 volunteers (chapter 6). The Gaussian distribution of 
𝑇𝑃𝑇 is used to accurately align the algorithm to the user's mobility pattern. Algorithm 4-1 
details the pseudocode to determine the Gaussian distribution of 𝑇𝑃𝑇 . 
Algorithm 4-1.   Gaussian distribution of 𝑇𝑃𝑇 pseudocode 
𝑅𝒆𝒒𝒖𝒊𝒓𝒆:  𝐴 = {𝑥𝑖 … 𝑥𝑛} // 𝑖 = 0,  𝑛 = 56 samples 
𝑹𝒆𝒒𝒖𝒊𝒓𝒆:  𝑍 = {𝑥𝑖 … 𝑥𝑘}{} // 2 dimensional array where 𝑖 = 0,  𝑘 = 56 
𝑬𝒏𝒔𝒖𝒓𝒆:  𝐺 = 0/ 
𝑬𝒏𝒔𝒖𝒓𝒆:  𝑘 = 0 for all 𝑣 in 𝐴 do  if 𝑣 in 𝐺 then 
𝑧[𝑣][0] = 𝑧[𝑣][0] + 1// increment value of 𝑍[𝑣][0] by 1. else 
𝐺𝑘 = 𝑣 // insert the element 𝑣 into 𝐺.  
𝑘 = 𝑘 + 1 end if  
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end for return  𝑍 // distribution is stored in 𝑍 = [𝑥𝑖 … 𝑥𝑘]. 
 
 
Calculate the ‖𝑣‖ for each (𝑥, 𝑦, 𝑧) sample. At intervals of 2 seconds (8 accelerometer 
samples) extract the peaks and troughs for 7 iterations. Sum the count of peaks and troughs 
for each iteration and aggregate the 𝑇𝑃𝑇 value based on the percentage of occurrences within 
0 to 6. The pseudocode to calculate the 𝑇𝑃𝑇 range is shown in algorithm 4-2. 
 
Algorithm 4-2.   𝑇𝑃𝑇 range estimation pseudocode 
𝑅𝒆𝒒𝒖𝒊𝒓𝒆:  𝐴 = {𝑥𝑖 … 𝑥𝑛} // 𝑖 = 0,  𝑛 = 6.  
𝑅𝒆𝒒𝒖𝒊𝒓𝒆:  𝑆𝐴 = 𝑠𝑖𝑧𝑒(𝐴) // array size of 𝐴. 
𝑬𝒏𝒔𝒖𝒓𝒆:  𝐸 = 0/; 𝑖 = 0 
𝑬𝒏𝒔𝒖𝒓𝒆:  𝑘 = 0 for all 𝑣 in {𝐴0,𝐴1, … 𝐴(𝑆𝐴−1)} do  
𝐸𝑘 =  ∑ 𝑣𝑖𝑘+1𝑖=𝑘  // sum of 2 consecutive elements in 𝐸  
𝑘 = 𝑖  end for 
𝑀𝐸 = max (𝐸) if 𝑀𝐸 ≥ 75 then  return index(𝑀𝐸 ,𝑀𝐸+1) // return index of the max 𝐸 and the next              // element else 
𝑟𝑒𝑠𝑒𝑡(𝐸)  // reset to an empty set for all 𝑣 in {𝐴0,𝐴1, … 𝐴(𝑆𝐴−2)} do 
𝐸𝑘 =  ∑ 𝑣𝑖𝑘+2𝑖=𝑘  // sum of 3 consecutive elements in 𝐸  
𝑘 = 𝑖  end for 
𝑀𝐸 = max (𝐸)    if 𝑀𝐸 ≥ 75 then  return index(𝑀𝐸 ,𝑀𝐸+1,𝑀𝐸+2) end if  end if 
 
 
Pmm range calculation: 
This is the range between the minimum and maximum peak values given the 𝑇𝑃𝑇 range for 
the mobility. Algorithm 4-3 details the pseudocode to generate 𝑃𝑚𝑚 range given the ||𝑣|| data 
63 
 
for the user mobility. 𝑃𝑚𝑚 can be used to distinguish between more finely-grained human 
mobility states such as travel by light rail or underground train versus travel by bus or car.  
Algorithm 4-3.   𝑃𝑚𝑚 range pseudocode 
𝑅𝒆𝒒𝒖𝒊𝒓𝒆:  𝐴 = {𝑥𝑖 … 𝑥𝑛} // Peak values.  𝑖 = 0, 𝑛 = 6.  
𝑅𝒆𝒒𝒖𝒊𝒓𝒆:  𝑆𝐴 = 𝑠𝑖𝑧𝑒(𝐴) // array size of 𝐴. 
𝑬𝒏𝒔𝒖𝒓𝒆:  𝐸 = 0/; 𝑖 = 0 
𝑬𝒏𝒔𝒖𝒓𝒆:  𝑘 = 0 for all 𝑣 in {𝐴0,𝐴1, … 𝐴(𝑆𝐴−1)} do  
𝐸𝑘 =  ∑ 𝑣𝑖𝑘+1𝑖=𝑘  // sum of 2 consecutive elements in 𝐸  
𝑘 = 𝑖  end for 
𝑀𝐸 = max (𝐸) if 𝑀𝐸 ≥ 75 then  
𝑚𝑖𝑛𝑝 = min (𝑀𝐸 ,𝑀𝐸+1)  
𝑚𝑎𝑥𝑝 = max (𝑀𝐸 ,𝑀𝐸+1)  return (𝑚𝑖𝑛𝑝,𝑚𝑎𝑥𝑝) // 𝑃𝑚𝑚  else 
𝑟𝑒𝑠𝑒𝑡(𝐸)  // reset to an empty set for all 𝑣 in {𝐴0,𝐴1, … 𝐴(𝑆𝐴−2)} do 
𝐸𝑘 =  ∑ 𝑣𝑖𝑘+2𝑖=𝑘  // sum of 3 consecutive elements in 𝐸  
𝑘 = 𝑖  end for 
𝑀𝐸 = max (𝐸)    if 𝑀𝐸 ≥ 75 then  
𝑚𝑖𝑛𝑝 = min (𝑀𝐸 ,𝑀𝐸+1 ,𝑀𝐸+2)  
𝑚𝑎𝑥𝑝 = max (𝑀𝐸 ,𝑀𝐸+1,𝑀𝐸+2)  return (𝑚𝑖𝑛𝑝,𝑚𝑎𝑥𝑝) // 𝑃𝑚𝑚 end if  end if 
 
 
Tmm range calculation: 
This is the range between the minimum and maximum trough values given the 𝑇𝑃𝑇 range for 
the mobility. Given the ||𝑣|| data for the user mobility, the 𝑇𝑚𝑚 range is generated using 
algorithm 4-4. Congruent to 𝑃𝑚𝑚, 𝑇𝑚𝑚 was found to be particularly useful in distinguishing 
between similar human mobility states such as travel by light rail and underground train when 
combined with 𝑇𝑃𝑇 ,𝑚𝑚, and 𝑃𝑚𝑚. 
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Algorithm 4-4.   𝑇𝑚𝑚 range pseudocode 
𝑅𝒆𝒒𝒖𝒊𝒓𝒆:  𝐴 = {𝑥𝑖 … 𝑥𝑛} // Peak values.  𝑖 = 0, 𝑛 = 6.  
𝑅𝒆𝒒𝒖𝒊𝒓𝒆:  𝑆𝐴 = 𝑠𝑖𝑧𝑒(𝐴) // array size of 𝐴. 
𝑬𝒏𝒔𝒖𝒓𝒆:  𝐸 = 0/; 𝑖 = 0 
𝑬𝒏𝒔𝒖𝒓𝒆:  𝑘 = 0 for all 𝑣 in {𝐴0,𝐴1, … 𝐴(𝑆𝐴−1)} do  
𝐸𝑘 =  ∑ 𝑣𝑖𝑘+1𝑖=𝑘  // sum of 2 consecutive elements in 𝐸  
𝑘 = 𝑖  end for 
𝑀𝐸 = max (𝐸) if 𝑀𝐸 ≥ 75 then  
𝑚𝑖𝑛𝑡 = min (𝑀𝐸 ,𝑀𝐸+1)  
𝑚𝑎𝑥𝑡 = max (𝑀𝐸 ,𝑀𝐸+1)  return (𝑚𝑖𝑛𝑡,𝑚𝑎𝑥𝑡) // 𝑇𝑚𝑚  else 
𝑟𝑒𝑠𝑒𝑡(𝐸)  // reset to an empty set for all 𝑣 in {𝐴0,𝐴1, … 𝐴(𝑆𝐴−2)} do 
𝐸𝑘 =  ∑ 𝑣𝑖𝑘+2𝑖=𝑘  // sum of 3 consecutive elements in 𝐸  
𝑘 = 𝑖  end for 
𝑀𝐸 = max (𝐸)    if 𝑀𝐸 ≥ 75 then  
𝑚𝑖𝑛𝑡 = min (𝑀𝐸 ,𝑀𝐸+1 ,𝑀𝐸+2)  
𝑚𝑎𝑥𝑡 = max (𝑀𝐸 ,𝑀𝐸+1,𝑀𝐸+2)  return (𝑚𝑖𝑛𝑡,𝑚𝑎𝑥𝑡) // 𝑇𝑚𝑚 end if  end if 
 
 
Once the features are extracted from the accelerometer data, the next step involves deriving 
the human mobility state given the personalized range feature thresholds per user. The 
thresholds which are 𝑇𝑃𝑇 ,𝑚𝑚,𝑃𝑚𝑚 and 𝑇𝑚𝑚 ranges are calculated using an instantiation of 
algorithms 4-1 to 4-4. These are a one-off estimation to personalize the algorithm. As the user 
performs the type of mobility the features 𝑇𝑃𝑇 ,𝑚𝑚,𝑃𝑚𝑚 and 𝑇𝑚𝑚 are recalculated every 2 
seconds using an instantiation of equations 4-1 to 4-6. The human mobility state is 
determined when the values calculated every 2 seconds fall within the personalized range 
feature thresholds.  
Algorithm 4-5 shows the pseudocode to determine the human mobility state given the values 
𝑚𝑡
𝑚𝑜𝑑 (𝑚𝑚 threshold), 𝑘𝑚𝑖𝑛𝑚𝑜𝑑 (min 𝑇𝑃𝑇), 𝑘𝑚𝑎𝑥𝑚𝑜𝑑 (max 𝑇𝑃𝑇), 𝑝𝑚𝑖𝑛𝑚𝑜𝑑 (min 𝑝𝑚𝑚), 𝑝𝑚𝑎𝑥𝑚𝑜𝑑 (max 
𝑝𝑚𝑚), 𝑡𝑚𝑖𝑛𝑚𝑜𝑑  (min 𝑡𝑚𝑚), and 𝑡𝑚𝑎𝑥𝑚𝑜𝑑  (max 𝑡𝑚𝑚). It should be noted that once 8 accelerometer 
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samples are gathered, the processing time for all computations is ≤ 16 milliseconds 
permitting EHMS to conduct real-time human mobility state classification. Also although 
some smartphone sensors could output at somewhat different frequencies, they tend in 
practice to be similar. The algorithm handles this by only processing 8 accelerometer samples 
per time slot or window. 
 
Algorithm 4-5. Pseudocode to classify the human mobility state.   while (𝑚𝑜𝑑 ≠ 𝑛𝑢𝑙𝑙) do  
𝐸𝑘 =  ∑ 𝑣𝑖𝑘+1𝑖=𝑘  // sum of 2 consecutive elements in 𝐸  
𝑘 = 𝑖  end for 
𝑀𝐸 = max (𝐸) If ((𝑚𝑚 ≤ 𝑚𝑡𝑚𝑜𝑑) ⋀  (𝑇𝑃𝑇 ≥ 𝑘𝑚𝑖𝑛𝑚𝑜𝑑  ⋀  𝑇𝑃𝑇  <  𝑘𝑚𝑎𝑥𝑚𝑜𝑑)  ⋀  (𝑝𝑚𝑚 ≥        𝑝𝑚𝑖𝑛𝑚𝑜𝑑  ⋀  𝑝𝑚𝑚  <  𝑝𝑚𝑎𝑥𝑚𝑜𝑑)  ⋀  ( 𝑡𝑚𝑚 ≥ 𝑡𝑚𝑖𝑛𝑚𝑜𝑑  ⋀  𝑡𝑚𝑚 <  𝑡𝑚𝑎𝑥𝑚𝑜𝑑)   then  state = 𝑚𝑜𝑑; end if 
∀ 𝑚𝑜𝑑 ∈ {human mobility states, e.g., walking, etc}.  
 
 
 
4.3 Summary 
A large number of mobility detection techniques using the accelerometer exist, but several 
focus on distinct mobility types or require fixed device orientation. In this chapter a pattern 
recognition technique to differentiate between subtle mobility types using the generated 
probability distribution and feature extraction for the accelerometer data has been presented. 
The algorithm can within 2 seconds, (8 samples) with high accuracy, differentiate between 
subtle mobility types. Even though a limited set of mobility types such as being stationary 
(lying down or sitting) and in-motion (walking or jogging) were covered, the algorithm can 
be auto-extended to adhere to a wider range of human mobility states. This will involve the 
type of mobility being performed by the user for a set time so the algorithm can be 
personalized.   
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5 LALS: A Low Power Accelerometer Assisted Location Sensing 
Technique for Smartphones 
Advances in location tracking sensors in smartphones have led to the emergence of many 
location-based services. Continuous use of these location sensors improves the reliability and 
accuracy when identifying a user's location, but results in quicker battery depletion due to 
high energy consumption. In this chapter, I present an energy-efficient location determination 
method for smartphones named Low Power Accelerometer Assisted Location Sensing 
(LALS). LALS is a high-availability hybrid technique that combines the use of GPS, WPS, 
GSMPS and accelerometer. The key novelty of this method is that it detects a user's mobility 
transition using EHMS, promoting a more energy-efficient location sensor selection 
algorithm. Results show LALS can achieve energy-savings of up to 58% in a typical 
commuter scenario without compromising on the location accuracy as compared to 
combinations of GPS, and WPS or GSMPS. LALS was evaluated based on a typical daily 
commute from 08:30 to 18:30 (section 6.2.1) and worst case commute scenario (section 
6.2.2). 
There is the underlying risk that due to the high battery consumption in acquiring the user 
location, users could avoid using LBS. For example a smartphone charged once every two 
days, now requires daily charging due to the high energy cost of running location sensing 
technologies such as GPS and Wi-Fi. With the current user awareness of battery 
consumption, a subtle approach to systematically model energy efficient algorithms is 
required. The underlying issues with the available location determination techniques today 
are high energy usage, inadequate location accuracy, context-awareness, speed in acquiring 
the user position, and availability. 
Energy-usage refers to the high battery consumption of location determination technologies 
such as GPS and WPS. Location accuracy refers to the average localization error of the 
location determination technique. Human mobility context-awareness refers to a smartphone 
detecting the human mobility state and acting upon the information e.g., once in a stationary 
state turn off GPS and WPS. Speed refers to the TTFF. For example a GPS cold start could 
take up to 15 minutes (Karunanayake et al., 2004). Availability refers to the ability to reliably 
acquire a location estimate, e.g., availability of location estimates in underground locations.  
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Several location based applications need to be processed in real-time to deliver their set goals 
and objectives. It is expected everything of material significance on the planet will get 
"sensor-tagged" and report its state or location in real time (Stonebraker et al., 2005). It is 
important for an everyday location determination technique to support both indoor and 
outdoor situations. The proposed hybrid location determination technique is compatible for 
both indoor and outdoor locations. 
Location caching can also play a vital role in reducing energy consumption since the device 
simply has to reference the cache rather than recalculating the present location. Location 
caching delivers location updates rapidly. It can work in indoor locations where specific 
location transmission signals, e.g., GPS, are unavailable and it aids the use of targeted context 
based information such as finding a coffee shop or medical clinic nearby. The downside of 
location caching is the associated ethical and perceived privacy issues of users and their 
positions being stored and tracked (Eagle 2008). In addition, the energy cost of location 
caching could be more expensive if there is no matching historical cache of a user's position. 
Because of these disadvantages, location caching isn't considered as a single practical 
approach to reduce the energy consumption needed for location determination. 
 
5.1 Location Error Model 
The hybrid EE-LD model is designed such that the average localization error and the energy 
utilized are minimized. As part of the experimental study a hybrid energy-efficient location 
determination model which combines GPS, WPS, and GSMPS location determination 
technologies augmented with the smartphone accelerometer is introduced.  
There are two possible human mobility states. They are "in-motion" and "stationary". In-
motion is defined as the process of changing position, e.g., moving. For instance walking or 
cycling is classified as an "in-motion" state. Stationary is the opposite, it involves not 
changing position, that is not-moving. Standing at the bus-stop or train station is classified as 
a "stationary" state. The EE-LD model consists of three aspects. The first is a set of location 
determination technology sensors {ls1, ls2, ls3} where lsi ∈ [GPS, WPS, GSM]. The second is 
a set of user states. There are two states “in-motion” and “stationary”. Four permutations can 
be deduced from these two states. The transition state is the set {ts1, ts2, ts3, ts4} where tsi ∈ 
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[“in-motion to stationary”, “in-motion to in-motion”, “stationary to in-motion”, and 
“stationary to stationary”]. The third is a set of smartphone sensors {ps1, ps2, ps3, ….} where 
psi ∈ [accelerometer, gyroscope, magnetometer, ….].  
The first components which are the location determination sensors GPS, WPS, and GSMPS 
are the three location determination technologies available to determine the location co-
ordinates latitude, longitude and altitude. The second component is the human mobility state. 
The accelerometer rate of change in the (𝑥,𝑦, 𝑧) dimensions is used to determine the human 
mobility state.  
For optimal operation of location based services, a certain degree of location accuracy is 
required and this is one of the reasons why several location based applications rely heavily on 
GPS. The energy efficiency and the timely supply of location information to the applications 
are equally vital properties of localization systems (Lina et al., 2006). It can thus be deduced 
that due to the location accuracy requirements of several location based services, energy-
efficiency, accuracy, and speed are paramount issues for several location based applications. 
It is also expected that the average localization error should not exceed 100 metres. The 
reason is because in urban locations, continuous GPS readings may provide inaccurate 
positioning with average errors as high as 100 meters (Paek et al., 2010). Errors are estimated 
in the total navigation state using a Kalman filter. There are two processes modelled by a 
Kalman filter. They are system dynamics and measurement models.  
The system dynamics model describes how the error state vector changes over time. The total 
navigation state is position, velocity, and attitude. The rate of change of the total navigation 
state is a nonlinear function of the state, and is assumed to be driven by white noise. The 
estimated total navigation state error is defined to be: 
   ×(t) ≜ 𝑦�(t) - 𝑦(t)      (5-1) 
Where 𝑦(t) denote the total navigation state and 𝑦�(t) its estimate (Navstar, 1996). 
Let ×k = ×(tk) at time tk be the error state vector. Then the discrete form of the continuous 
error state differential equation is: ×k = Φk-1 ×k-1 + Gk-1 Wk-1     (5-2) 
69 
 
The white zero mean Gaussian noise sequence called the process noise or plant noise is the 
sequence {Wk}. The expected value of the outer product of the vector Wk with itself is a 
matrix of the second central moments of the components of the noise vector (Navstar, 1996). 
The measurement model is the relationship between the error state vector and sensor 
measurements. An example of a sensor is the Doppler velocimeter which provides the line-
of-sight velocity. The measurement equation is as follows: 
𝑍k = Ηk ×k + Vk      (5-3) 
where 𝑍k is the measurement at time tk, Hk is the measurement matrix, (or sometimes called 
the measurement observation, or measurement sensitivity matrix), and {Vk} is a white, zero 
mean Gaussian sequence with covariance matrix E[Vk VkT] = Rk (Navstar, 1996). 
As part of this research, Android based smartphone applications have been researched and 
developed to conduct extensive experiments to assess the energy efficiency of different WAN 
and LAN and WAN network receiver location determination technologies. The results 
(chapter 6) of these experiments are used to compare the different location determination 
techniques. The Android applications are detailed in the appendix section. The proposed 
energy-efficient location determination model takes as input three components which are 
location determination technology sensors, human mobility states, and embedded smartphone 
sensors. It is detailed in the following section.  
 
5.2 LALS Architecture 
The accelerometer is used due to its ability to detect movement and thus aid in detecting the 
transition state of the user. The accelerometer can detect motion, but can't determine whether 
an individual is indoors or not. The logic is once a user is in a stationary mode stop location 
sensing and use the last known location.  
The LALS EE-LD technique is based on the factors required to evaluate the energy-
efficiency of location determination techniques defined in Section 2.3. The criteria are 
location sensor usage, human mobility state classification, and location accuracy. The human 
mobility state and transitions are determined by the accelerometer program which manages 
which location determination sensors to activate and deactivate. The rules defined by the 
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accelerometer context detection program can be sub-divided into two categories. They are 
accelerometer based user mobility context detection and GPS sensor blacklisting.  
 
5.2.1 Accelerometer based User Mobility Context Detection (UMCD) 
US based research reveals that people spend in the region of 90% of their time indoors (U.S. 
EPA/Office of Air and Radiation, 2013). Due to limited GPS signal indoors, GPS sampling is 
unnecessary in such circumstances. A UK based survey of 3000 people revealed people 
spend 14 hours and 39 minutes per day sitting down. Of this time an hour and forty one 
minutes was spent driving in the car each day, and another fifty two minutes travelling via 
public transport (Weightwatchers, 2012). This shows continuous GPS sampling is 
unnecessary and its use needs to be regulated. Detecting the human mobility state is possible 
using the smartphone accelerometer. The ability to determine the appropriate location 
determination technologies to invoke when required and disable others when unnecessary is 
vital. For example when indoors stop GPS sensing when a user is asleep. The smartphone 
will probably be stationary and this state will be detected by the accelerometer program 
which will turn-off GPS and WPS. 
The LALS EE-LD model requires the smartphone accelerometer to be in continuous 
execution mode. Accelerometer uses relatively lower energy as compared to GPS and WPS. 
Running the accelerometer continuously has a negligible effect on the battery. In the normal 
mode the average current drained is 15 mA as compared to 135 mA by GPS. The Escort 
location determination technique by Constandache et al., 2010 also turns off all the sensors 
except the accelerometer due to its relatively low power consumption. It should be noted that 
based on the experimental results the smartphone accelerometer running on Android OS only 
runs in the background when the battery is charging. Once the battery isn't in a charging state 
and screen goes off and the sensing stops. To overcome this issue the CPU has to be running 
or screen lights on. 
 
5.2.2 GPS Sensor Blacklisting 
In situations whereby GPS is unavailable, due to the high energy consumption it needs to be 
turned-off. The sensor blacklisting method has two functions. First, it records the current 
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Received Signal Strength Indicator (RSSI), cell IDs, and neighbouring cells whenever GPS 
location sampling fails. Secondly it cross-checks the blacklist table before activating GPS. 
This is similar to the backlisting technique by Paek et al., 2010, but the hybrid EE-LD model 
also stores the neighbouring cells. Cell IDs could have a range of up to 35 km (Varshavsky et 
al., 2006). With such a large coverage range, cell IDs and RSSI alone could be unreliable in 
detecting the absence of GPS. Knowledge of the neighbouring cells will aid in pinpointing 
the area with no GPS signals as it constantly changes. The cross check process is an energy-
efficient and high performance process because the check is done against data stored locally 
on the smartphone storage and has a maximum of 1000 records. There are two reasons for the 
cap on the number of records to store. First reason is the necessity to avoid performance 
issues that could arise from accessing the table. The second reason is that it provides a second 
chance for locations marked as having no GPS signal. A FIFO policy is implemented, e.g., 
the rollover starts when the number of records reaches the max number of entries. Any new 
data appended to the top of the file will cause the data at the end of the file to be truncated. It 
should be noted that even though the GSM standard permits a mobile phone to receive RSSI 
information from up to seven cell towers (Ibrahim & Youssef, 2011), most cellular providers 
only permit reading signal strength information about the associated cell tower (Lin et al., 
2010). 
 
5.3 LALS Algorithm 
Once a user becomes stationary, then GPS and Wi-Fi location sensors are turned-off. The 
stationary state is detected by the UMCD process. Figure 5-1 details a flowchart for the 
LALS energy-efficient location determination model. GSMPS is used only in the absence of 
GPS and WPS. The challenge is determining the appropriate conditions to activate and 
deactivate the location determination technologies sensors which are GPS, WPS, and 
GSMPS. The order of invoking the location technologies was based on the location accuracy 
vs. energy efficiency trade-off of GPS, WPS and GSMPS. The times to exhaust the Samsung 
S smartphone battery with continuous location sampling are GSMPS (63 hours), WPS (46 
hours), and GPS (12 hours). In the presence of Wi-Fi use WPS which has a location accuracy 
of 20-30m (Wang et al., 2009; Skyhook, 2012). In the absence of Wi-Fi, use GPS which has a 
location accuracy of 10m. In the absence of Wi-Fi and GPS signals use GSMPS which has a 
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location accuracy of 70-200m (Constandache+, et al. 2009) in urban areas and up to 35000m 
(Varshavsky et al., 2006) in remote areas. The process is detailed as follows: 
1. When transitioning from a stationary to an in-motion state check for Wi-Fi signals. In the 
presence of Wi-Fi signals go to step 5 else go to step 2.  
2. Cross check the current RSSI, cell ID, and NeighboringCellInfo details with the GPS 
blacklist table. If a match is found go to step 6 else check for GPS signals. If the GPS 
receiver TTFF is not in hot start mode then invoke both steps 4 and 6, else go to only step 
4. The reason for also activating GSMPS (step 6) is to reduce the delay when acquiring 
location updates.  
3. Blacklist the RSSI, cell ID, and NeighboringCellInfo details. Cell IDs could have a range 
of up to 35 km (Varshavsky et al., 2006). With such a large coverage range, cell IDs and 
RSSI alone are unreliable in detecting the absence of GPS. Knowledge of the 
NeighboringCellInfo will aid in pinpointing the area with limited or unavailable GPS 
signals to prevent activating GPS in such locations. 
4. Activate GPS for location determination. Stop GPS and go to step 5 once notification is 
received that WPS is available. If GPS becomes unavailable invoke both steps 3 and 6. 
5. Activate WPS for location determination. If WPS becomes unavailable then go to step 2. 
6. Use GSMPS for location determination. Stop GSMPS and go to step 5 once notification 
is received that WPS is available. GSMPS is used only in the absence of GPS and WPS. 
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 Figure 5-1: Flowchart for the LALS EE-LD model. 
 
5.4 Linear Cost Formulation  
This section shows the linear cost formulation for LALS as compared to combined GPS, 
WPS, and GSMPS (GWG). The linear cost computation is the percentage of the battery 
utilized where the value 1 represents 100% utilization. The mean time to exhaust the 
Samsung S smartphone battery using GPS ≈ 12 hours, WPS ≈ 46 hours, GSMPS ≈ 63 hours, 
and combined GPS, WPS, and GSMPS ≈ 11 hours (chapter 6). 
 𝑇𝐶𝑔𝑝𝑠 = 𝐶𝑔𝑝𝑠 ∗ 𝑇𝑡 (5-4) 
 𝑇𝐶𝑤𝑝𝑠 = 𝐶𝑤𝑝𝑠 ∗ 𝑇𝑡 (5-5) 
 𝑇𝐶𝑔𝑠𝑚𝑝𝑠 = 𝐶𝑔𝑠𝑚𝑝𝑠 ∗ 𝑇𝑡 (5-6) 
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𝐶𝑔𝑝𝑠, 𝐶𝑤𝑝𝑠, and 𝐶𝑔𝑠𝑚𝑝𝑠 are the evaluation computation costs for GPS, WPS, and GSMPS 
respectively. 𝑇𝑡 is the total execution time.  
 
5.4.1 Linear Cost Formulation for Combined WPS and GSMPS (WG)  
The linear computation cost for WPS and GSMPS is given by the following equation: 
 𝑇𝐶𝑤𝑔 = 𝛽�𝐶𝑤𝑝𝑠 ∗ 𝑇𝑡�  +  𝛾�𝐶𝑔𝑠𝑚𝑝𝑠 ∗ 𝑇𝑡�  (5-7) 
 
5.4.2 Linear Cost Formulation for Combined GPS, WPS, and GSMPS (GWG) 
The linear computation cost for GWG is given by the following equation: 
 𝑇𝐶𝑔𝑤𝑔 = 𝛼�𝐶𝑔𝑝𝑠 ∗ 𝑇𝑡� + 𝛽�𝐶𝑤𝑝𝑠 ∗ 𝑇𝑡�  +  𝛾�𝐶𝑔𝑠𝑚𝑝𝑠 ∗ 𝑇𝑡� (5-8) 
 
Weight factor for GPS, WPS and GSMPS are denoted by 𝛼, 𝛽, and 𝛾 respectively. 
𝐶𝑔𝑝𝑠 = 112, 𝐶𝑤𝑝𝑠 = 146, 𝐶𝑔𝑠𝑚𝑝𝑠 = 163, 𝑇𝐶𝑔𝑤𝑔 = 111 where the denominators represent the mean 
time to exhaust the phone battery if that positioning system is used continuously on the 
mobile device. 
The Android OS network location provider determines the location based upon the 
availability of GSM and Wi-Fi access points. From the experimental results the combined 
frequency over time of WPS and GSMPS lookups is 1, that is  𝛽 + 𝛾 = 1.  
From the experimental results 𝛼 ≤ 𝛽 + 𝛾, that is 𝛼 ≤ 1. 
It should be noted that even though 𝛽 + 𝛾 = 1 and 𝛼 ≤ 1, for 𝑇𝐶𝑔𝑤𝑔 GPS, WPS, and GSMPS 
were running for the total time 𝑇𝑡 . 
 �
𝛼 � 1
12
� +  𝛽 � 1
46
� +  𝛾 � 1
63
� =  1
11±1 
𝛼 ≤  𝛽 +  𝛾
𝛽 +  𝛾 = 1  (5-9) 
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The following values can therefore be deduced: 
𝛼 = 1, 𝛽 = .13, and 𝛾 = .87. 
It should be noted that 𝛽 𝑎𝑛𝑑 𝛾 depends on the availability of either Wi-Fi or GSM access 
points. 
 
5.4.3 Linear Cost Formulation for LALS 
The linear computation cost for LALS is given by the following equation: 
 𝑇𝐶𝑙𝑎𝑙𝑠 = �𝐶𝑔𝑝𝑠 ∗ 𝑇𝑡𝑔𝑝𝑠� + �𝐶𝑤𝑝𝑠 ∗ 𝑇𝑡𝑤𝑝𝑠�  +  �𝐶𝑔𝑠𝑚𝑝𝑠 ∗ 𝑇𝑡𝑔𝑠𝑚𝑝𝑠� (5-10) 
where 𝐶𝑔𝑝𝑠 = 112, 𝐶𝑤𝑝𝑠 = 146, 𝐶𝑔𝑠𝑚𝑝𝑠 = 163 
𝑇𝑡𝑔𝑝𝑠,  𝑇𝑡𝑤𝑝𝑠, and 𝑇𝑡𝑔𝑠𝑚𝑝𝑠 are the running times for each location determination technology.  
 
5.5 Summary 
An important benchmark for location determination using smartphones is energy-efficiency. 
Several location based applications require continuous GPS location determination once in 
execution, e.g., satnav and traffic applications. LALS is particularly suited for such 
applications as it provides high-availability continuous location updates using smartphones. 
In this chapter, LALS, a hybrid EE-LD that combines GPS, WPS, GSMPS, and 
accelerometer has been presented. LALS delivers continuous location updates while 
activating a minimum set of smartphone location sensors based on the user mobility for 
optimal energy consumption. The advantages of LALS, compared to existing methods are: 1) 
Real-time human mobility classification and state transition detection. This knowledge aids 
LALS in location sensor management with a 2 second delay (8 accelerometer samples). 2) 
Low-energy consumption due to the light-weight accelerometer data feature extraction and 
accelerometer sensing mode at 4 samples per second. The location accuracy is unchanged 
because the main focus is on the sensor selection algorithm which manages the activation and 
deactivation of location sensors.  
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6 Evaluation and Results 
This chapter discusses the evaluation, experiments and results. The primary reduction in 
energy usage by transceiver type sensors such as those based upon GPS, Wi-Fi, and GSM is 
achieved by augmenting their usage with low-energy inertial sensors such as the 
accelerometer. An overview of the framework is given in figure 6-1. The design of the human 
mobility state framework named Energy-efficient Human Mobility Sensing (EHMS) is given 
in section 4.3. Knowledge of the human mobility state is a pre-requisite for the energy-
efficient location determination technique named Low Power Accelerometer Assisted 
Location Sensing (LALS) detailed in chapter 5.  
 
Smartphone transceiver sensor data 
(GPS, Wi-Fi, GSM)
Smartphone inertial sensor data 
(Accelerometer)
Low Power 
Accelerometer 
Assisted Location 
Sensing (LALS) 
Energy-efficient 
Human Mobility 
Sensing (EHMS)
In-motion 
or 
stationary
User mobility state, 
e.g, travel by cycling.
User location identification
User mobility state identification
User location data
Accelerometer data
User location
User
 
Figure 6-1: Overall EE-LD architecture. 
 
The evaluation of the framework was carried out in two phases. First, the evaluation of the 
human mobility state classification framework EHMS and second the evaluation of the LALS 
EE-LD technique. EHMS is an energy-efficient method for real-time human mobility 
classification using the embedded smartphone accelerometer. The method can within 2 
seconds (8 accelerometer samples) classify mobility types with a high accuracy. LALS is a 
hybrid EE-LD that combines GPS, WPS, GSMPS, and accelerometer. It depends on the 
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EHMS to detect user's mobility transition from stationary to in-motion and vice versa. LALS 
delivers continuous location updates while activating a minimum set of smartphone location 
sensors based on the user mobility for optimal energy consumption. The location accuracy is 
unchanged because the main focus is on the sensor selection algorithm which manages the 
activation and deactivation of location sensors. 
Two phases of experiments were conducted to determine the key factors that improve the 
energy-efficiency of location determination and the accuracy of human mobility state 
profiling. The first phase involved using ten different Android smartphones in the study of 
accelerometer data gathered for various mobility types. The second phase involved using 
different Android smartphones in a battery decay study of GPS, WPS, and GSMPS. 
 
6.1 EHMS Evaluation 
Sensing and recognizing human mobility states using mobile devices provide the necessary 
context data for smartphone applications. Based on the classification accuracy, meta-level 
classifiers such as bagging have been found to be optimum for mobility recognition from a 
single accelerometer as they outperform base-level classifiers such as naive Bayes (Ravi et 
al., 2005). EHMS was evaluated using existing known classifiers. The classifiers are J48, 
decision table (DT), bagging, and naive Bayes (NB). Figures 6-2 and 6-3 show the precision 
and recall comparison of EHMS vs. the classifiers.  
The classifiers were trained using a data set comprising of pre-classified accelerometer data 
on the following mobility types: light rail train, car, jogging, lying down, stationary and 
walking. The same feature sets were used. To obtain a model, the classifiers were trained 
using 1250 accelerometer samples for each selected type of human mobility with a 10 fold 
cross-validation. From the raw data the same feature, that is ||v||, was extracted for 
classification. 
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 Figure 6-2: Chart showing the precision comparison of EHMS vs. existing classifiers. 
 
Figure 6-3: A comparison of recall for EHMS vs. existing classifiers. 
 
The comparative model used in the evaluation was optimal. For J48 the confidence factor 
used is 0.25, the minimum number of instances is 2, and a 10-fold cross-validation is used. 
The 10-fold cross-validation is required for two reasons: first because the construction of the 
decision tree can be affected by a high variation in the accelerometer data, second to avoid 
over fitting, thus leading to poorer accuracy. Once a model was obtained for each classifier, 
600 instances were used for predictions with unknown samples. In comparison to J48 which 
was the best performing classifier in terms of classification accuracy, for travel by car 25%, 
4%, 5%, 4%, and 4% of the instances were falsely classified as light rail train, jogging, lying 
down, stationary, and walking mobility types respectively. Similarly for travel by light rail 
train 29%, 7%, 1%, and 1% of the instances were falsely classified as car, lying down, 
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stationary and walking mobility types respectively. With EHMS, for travel by car 91% were 
correctly classified and 9% falsely classified as light rail train. The case is similar for travel 
by light rail train 91% were correctly classified and 9% falsely classified as car. In terms of 
precision and recall, EHMS outperformed the existing classifiers for all the user mobility 
types. Figure 6-4 shows the classification accuracy results of the comparison. The average 
classification accuracy was calculated from the predictions of unknown samples. Accuracy is 
defined as the sum of correct classifications over the total number of input instances. EHMS 
outperformed existing classifiers with a weighted average accuracy of 92%.  
 
 
Figure 6-4: Chart showing the weighted average accuracy of EHMS vs. existing classifiers. 
 
Figures 6-5 and 6-6 show the precision and recall results for the selected user mobility types 
vs. the method by Wang et al., 2010. On average, EHMS achieved 92% overall accuracy in 
classifying all six mobility types which is approximately 22% higher than the method by 
Wang et al., 2010. Based on the experiments, for all mobility types except being stationary 
with slight movements such as lying down, EHMS had an overall higher precision and recall 
than the typical method from Wang et al., 2010. Figure 6-5 shows that both methods 
performed equally well in classifying jogging and travel by car, but EHMS achieved a 
substantially higher precision than Wang et al., 2010 method in terms of classifying travel by 
light rail train, stationary, and walking. Figure 6-6 shows that the method by Wang et al., 
2010 performed substantially worse than EHMS in classifying walking, travel by car and 
light rail train.  
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Figure 6-5: Precision comparison of EHMS vs. method from Wang et al., 2010. 
 
 
Figure 6-6: Recall comparison of EHMS vs. method from Wang et al., 2010. 
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 With respect to the confusion matrices, the motorized travel samples were misclassified as 
walking by Wang et al., 2010 method, but EHMS achieved approximately 99% classification 
accuracy in classifying walking. The misclassification by Wang et al., 2010 method is 
probably because of the similar mean and standard deviation value of the acceleration 
generated during these mobility types.  
Based on the accelerometer patterns, one of the outstanding differences between walking and 
motorized travelling mobility types is the unique acceleration peak and trough frequency 
caused by human steps within a given time period. As the focus was on improving the 
detection and extraction of 𝑇𝑃𝑇 ,𝑚𝑚,𝑃𝑚𝑚, and 𝑇𝑚𝑚 features in my method, EHMS can 
classify walking more accurately than the Wang et al., 2010 method. 
 
6.1.1 Error Analysis 
The mean absolute percentage error (MAPE) and root mean square error (RMSE) are 
formulated as equations 6-3 and 6-4. Figure 6-7 shows the graph of the RMSE for 20 samples 
of selected mobility types. 
 MAPE = 100%
𝑛
 ∑ |𝑥𝑖 − 𝑥𝑎|
𝑥𝑖
𝑛
𝑖=1  (6-3) 
where  
𝑛 is the number of measurements (1250 accelerometer samples).  
𝑥𝑎 is the average ‖𝑣‖ for the type of mobility.  
𝑥𝑖 is each ‖𝑣‖ sample. 
 
 𝑅𝑀𝑆𝐸𝑡 = ∑ |(𝑥𝑖 − 𝑥𝑎)|∀𝑖∈𝐷 |𝐷|   (∀𝑡 ∈ 𝑇) (6-4) 
82 
 
where  
𝐷 is the number of measurements per time interval (4 accelerometer samples per 
second).  
𝑥𝑎 is the average ‖𝑣‖ for the type of mobility.  
𝑥𝑖 is each ‖𝑣‖ sample. 
𝑇 is the total time interval or accelerometer samples, e.g., 312.5 seconds is 
approximately 1250 samples. 
 
 
Figure 6-7: RMSE plot for selected human mobility states. 
 
The results from RMSE and MAPE show that the error estimate is exasperated with mobility 
types that require high body movements such as walking and jogging as compared to 
mobility types with low body movements such as travel by underground train and car. As 
shown in Table 6-1 the MAPE percentage for travel by car and bus are 3.7529 and 3.7697 
respectively. The MAPE values are close to each other and for this reason it is difficult to 
differentiate between both human mobility states. However for human mobility states such as 
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being stationary and walking, the two mobility types can be easily classified because of the 
large MAPE percentage difference.  
 
Table 6 - 1: Average MAPE for selected human mobility states. 
Urban human mobility type MAPE  
Stationary (no movement) 0.05 
Stationary (slight movements such as lying down) 1.46 
Light rail train 2.37 
Underground train 2.63 
Car 3.75 
Bus 3.77 
Cycling 18.71 
Walking 63.64 
Jogging 65.2 
 
The RMSE and MAPE are beneficial in classifying human mobility states and detecting the 
transition from one human mobility state to another. When the MAPE values are close to 
each other, then it becomes difficult to detect the transition from one human mobility state to 
another. However if the results are further apart, then the human mobility state classification 
difference is more visible. Noise is a key issue with the smartphone accelerometer which 
prompted the investigation into error models. I investigated the error estimates using the 
standard deviation for 1250 accelerometer samples per type of mobility. Mobility types with 
low standard deviation suggest high measurement accuracy and reduced body movements. 
The results correspond with that from RMSE and MAPE. For human mobility states 
stationary, lying down, light rail train, underground train, car, bus, cycling, walking, and 
jogging; the standard deviations are 0.01, 0.16, 0.33, 0.35, 0.57, 0.63, 2.24, 4.43, and 7.80 
respectively. The stationary human mobility state had the lowest standard deviation while 
walking and jogging had the highest values respectively. The error estimates show the EHMS 
classification is accurate per human mobility state and transitions. Table 6-2 shows the 
extracted features and figures 6-8 to 6-16 show the error bars for the mobility types: 
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Table 6 - 2: Shows extracted features for selected mobility types. 
Mobility type max-min median mean Standard deviation 
Car 7.721645564 9.515741269 9.546437134 0.565448461 
Bus 11.32680628 9.784928672 9.746867489 0.626088492 
Stationary 0.118474004 9.831981082 9.827786957 0.012370172 
Light rail train 6.045644059 9.755189303 9.772192655 0.332600323 
Walking 17.65221411 11.97810051 11.12056845 4.429782925 
Lying down 1.315492241 9.533959294 9.55443463 0.156609481 
Underground train 3.242039201 9.533922209 9.535394931 0.348620906 
Jogging 29.34228282 13.16360372 15.20140368 7.793680941 
Cycling 20.27196537 10.62333386 10.58369322 2.240622596 
 
 
Figure 6-8: Error bar for travel by bus. 
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Figure 6-9: Error bar for travel by car. 
 
 
Figure 6-10: Error bar for travel by light rail train. 
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Figure 6-11: Error bar for travel by underground train. 
 
 
Figure 6-12: Error bar for walking. 
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 Figure 6-13: Error bar for jogging. 
 
 
 
Figure 6-14: Error bar for cycling. 
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Figure 6-15: Error bar for being stationary (no movement). 
 
 
Figure 6-16: Error bar for stationary (slight movements). 
89 
 
6.2 LALS Evaluation 
An important factor that affects the prolonged use of smartphone location determination 
techniques is energy-efficiency. There are three factors that affect the energy-efficiency of 
location determination schemes. The factors are location sensor usage, human mobility state 
classification, and location accuracy. The effect of these 3 factors is explained in the 
following sections. 
Location Sensor Usage - Reduced location sampling rates of location determination sensors 
such as GPS and WPS and a minimum set of location sensors in active execution were used. 
The location sampling rate depends on the location information service being offered. For 
social context services reduced sampling rates could suffice, but for navigation services such 
as driving and walking directions in urban areas then continuous location sampling is more 
useful. From the experimental study sampling GPS at intervals less than 60 seconds has a 
negligible effect on the smartphone battery life as compared to continuous GPS location 
sampling. The location sampling rate of the EE-LD technique is managed by the 
accelerometer, e.g., when a user is "in-motion" it samples continuously and when "stationary" 
stops location sampling to conserve energy. The model also only actively activates a 
combined WPS and GPS when the GPS receiver’s TTFF is in a non-hot start mode. A hot 
start mode is required to ensure a TTSF of about 10 seconds. In all other instances only one 
location transceiver sensor is actively in execution.  
Human Mobility State Classification - Sensing and recognizing human mobility states using 
mobile devices provide the necessary context data for smartphone applications. The EE-LD 
framework is able to detect the user location state using the continuously running 
accelerometer program and react accordingly. For instance, when a user is stationary then 
turn-off power hungry location sensors such as GPS and WPS. 
Location Accuracy - The location accuracy depends on the location sensor technology used 
for location estimation. With an unobstructed view of GPS satellites, GPS is the most 
accurate location determination technology. The reverse is the case for location determination 
based upon GSM. GSMPS is the least accurate, but most energy-efficient location 
determination technology. GPS accuracy is around 10m, WPS is between 20-30 m (Wang et 
al., 2009; Skyhook, 2012), and GSMPS is between 70-200m (Constandache+, et al. 2009) in 
urban areas and could extend up to around 35000 m (Varshavsky et al., 2006) in rural areas. 
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In urban areas where Wi-Fi access points are readily present then the expected location 
accuracy should be no more than 30m. In the absence of WPS and GPS, then GSM towers 
could have a range of up to 35km which infers in remote areas the location accuracy can be 
up to this value. 
The EE-LD sensing framework was evaluated based on two exemplar scenarios. First, a 
typical commute mobility pattern is presented. This shows the effectiveness of LALS at 
switching between GPS, WPS, and GSMPS which in-turn leads to energy-savings compared 
to the use of a combined GPS, WPS, and GSMPS approach. Second, a worst case scenario 
exemplar is presented. I opted for a theoretical evaluation because a practical evaluation was 
done on the underlying human mobility state classification algorithm (EHMS). Also the aim 
is not to improve the location sensing technologies such as GPS, but to improve the energy-
efficiency of their usage. The evaluation showed overall reduced usage of the location 
sensors. 
 
6.2.1 Scenario A: Typical Case 
A use case scenario involves a typical daily commuter mobility pattern from 07:30 to 18:00, a 
total of 10.5 hours. The use case scenario requires GPS, WPS, and GSMPS for continuous 
location estimates and the user locations for the 10.5 hour period are “Home”, “Misc”, and 
“Office”. Home is the user home location. At this location let’s assume GPS is unavailable 
due to being deep indoors where GPS satellite signals are obscured. Misc is the user commute 
locations on route, such as underground train location, where no location sensing 
technologies are available. Office is the user work and customer/client locations. At this 
location, let’s assume GPS is unavailable. In this scenario GPS, WPS, and GSMPS are 
available for 1, 9.5, and 9.5 hours respectively. The underlying issue is increased energy cost 
due to continuous combined GPS, WPS, and GSMPS for location updates. LALS counters 
this energy problem by ensuring only a minimum set of location sensors are active.  
The energy-savings in switching between GPS, WPS, and GSMPS compared to running all 
three technologies simultaneously are shown in figure 6-17. Applying the LALS model to 
scenario A utilizes approximately 29% of the smartphone battery as compared to being 
exhausted using a combined GPS, WPS, and GSMPS. Detailed calculations are presented as 
follows. 
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 Figure 6-17: Duration in hours to exhaust the Samsung Galaxy S battery with continuous location 
sampling using combined WPS, GPS, and GSMPS vs. GPS vs. WPS vs. LALS vs. GSMPS. 
 
6.2.1.1 Cost calculation using GPS 
The following is the cost calculation for GPS using an instantiation of equation 5-4: 
where 𝐶𝑔𝑝𝑠 = 112 
Below is the calculation for 𝑇𝐶𝑔𝑝𝑠.   
𝑇𝐶𝑔𝑝𝑠 =1( 112 * 10.5) ≈ 0.875 
 
6.2.1.2 Cost calculation using WPS and GSMPS 
The following is the cost calculation for combined WPS and GSMPS using an instantiation of 
equation 5-7: 
where 𝐶𝑤𝑝𝑠 = 146, 𝐶𝑔𝑠𝑚𝑝𝑠 = 163, 𝛽 = .13, and 𝛾 = .87 
Below is the calculation for 𝑇𝐶𝑤𝑔.   
𝑇𝐶𝑤𝑔 = .13( 146 * 10.5) + .87( 163 * 10.5) ≈ .175 
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6.2.1.3 Cost calculation using GWG 
The following is the cost calculation for combined GPS, WPS, and GSMPS (GWG) using an 
instantiation of equation 5-8: 
where 𝐶𝑔𝑝𝑠 = 112, 𝐶𝑤𝑝𝑠 = 146, 𝐶𝑔𝑠𝑚𝑝𝑠 = 163, 𝛼 = 1, 𝛽 = .13, and 𝛾 = .87 
Below is the calculation for 𝑇𝐶𝑔𝑤𝑔:   
𝑇𝐶𝑔𝑤𝑔 =1( 112 * 10.5) + .13( 146 * 10.5) + .87( 163 * 10.5) ≈ 1.05 
 
6.2.1.4 Cost calculation based on LALS 
The following is the cost calculation for LALS using an instantiation of equation 5-10: 
where 𝐶𝑔𝑝𝑠 = 112, 𝐶𝑤𝑝𝑠 = 146, 𝐶𝑔𝑠𝑚𝑝𝑠 = 163 
𝑇𝑡𝑔𝑝𝑠, 𝑇𝑡𝑤𝑝𝑠, and 𝑇𝑡𝑔𝑠𝑚𝑝𝑠 are the running times for each location determination technology.  
Below is the calculation for 𝑇𝐶𝑙𝑎𝑙𝑠   
𝑇𝐶𝑙𝑎𝑙𝑠 = ( 112 * 1) + ( 146 * 9.5) ≈ 0.29  
Using a combined GPS, WPS, and GSMPS will completely exhaust the battery, using GPS 
will consume approximately 87.5%, and LALS will have used only 29% of the smartphone 
battery. The energy-savings over-time from adopting LALS as compared to continuous 
location sampling using GPS, WPS, and GSMPS are shown in figure 6-18. As shown above, 
𝑇𝐶𝑙𝑎𝑙𝑠 outperforms 𝑇𝐶𝑔𝑤𝑔 and 𝑇𝐶𝑔𝑝𝑠 with cost savings of up to 71% and 58% respectively in 
a typical situation.  
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 Figure 6-18: Energy-savings from adopting LALS as compared to continuous location sampling 
using GPS, and combined GPS, WPS, and GSMPS. 
 
6.2.2 Scenario B: Worst Case 
The worst case will occur in the absence of WPS and GSMPS, and being used continuously 
in an “in-motion” state. In such a case only GPS will be used for location determination. The 
following equations give the cost of LALS compared to continuous GPS and combined 
GWG. This is shown in figure 6-19. 
 𝑇𝐶𝑔𝑝𝑠  ≤  𝑇𝐶𝑙𝑎𝑙𝑠 (6-1) 
 𝑇𝐶𝑙𝑎𝑙𝑠  ≤  𝑇𝐶𝑔𝑤𝑔 (6-2) 
 
 
Figure 6-19: Worst case scenario for continuous GPS vs. LALS. 
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6.3 Accelerometer Data Study 
The data collection process was conducted by 15 participants for 12 different mobility types. 
Each test was for a minimum of 360 seconds (≈1440 accelerometer samples). There were a 
total of 6 females and 9 males. Six were between the age of 20 and 30, four were between the 
age of 30 and 40, three were between the age of 40 and 50, and two were older than 60. The 
data gathered from a user for all 12 different mobility types was used for training and the data 
from the other 14 users was used for validation. A total of 48 tests were undertaken and 
approximately 3,075,840 accelerometer data gathered. The experiments were started by 
launching the EHMS application. EHMS is the Android application that provides an 
accelerometer interface to gather data using any of the four Android sensor modes. The sensor 
modes are fastest, game, ui, and normal. The experiments were gathered in the Android 
normal mode and the data collection process was approved by the Ethics Committee at Queen 
Mary University of London (appendix A). 
In order to validate the EHMS algorithm a wide range of realistic set of user data was required 
to stress test the algorithm. The mobility types were selected because they were amongst the 
most popular types of modality and offered the widest range in normal urban commuting. Also 
to potentially detect the variability that could distort the results of the algorithm. The 
experiments conducted involved the study of accelerometer data gathered from various 
mobility types. The objectives of this scientific experiment are:  
1. Estimate to which degree the low-power embedded accelerometer sensor can reduce the 
use of power hungry location determination technologies such as GPS in real-time human 
mobility state classification. 
2. Investigate the energy-savings that can be achieved by using the accelerometer to reduce 
dependence on high energy sensors such as GPS without compromising on the location 
accuracy and sensor sample rate.  
3. Investigate features that can be extracted from the accelerometer readings based on 
mobility types such as travel by light rail train versus travel by underground train. 
Based on the results of applying the algorithm to the test data it was concluded a sample of 15 
users was sufficient to validate the algorithm. Also the Micro-electro-mechanical systems 
(MEMS) specification was similar across smartphone devices. For example 
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STMicroelectronics is the accelerometer manufacturer for Samsung Galaxy III and IPhone 5 
smartphones which are the two leading smartphones in terms of smartphone sales. The IPhone 
accelerometer model is LSM330DLC which has dynamically user-selectable full scale 
acceleration range of ±2g/±4g/±8g/±16g (STMicroelectronics LSM330DLC, 2013). The 
Samsung accelerometer model is LIS331DLH which has which has dynamically user-
selectable full scale acceleration range of ±2g/±4g/±8g (STMicroelectronics LIS331DLH, 
2013). For human mobility state classification an acceleration range of 8g is sufficient. The 
voltage for both sensors is a low 1.8 V.    
The 12 mobility types were grouped and analysis was carried out on a subset of 9 similar 
mobility types e.g., travel by taxi is grouped as being similar to travel by car. Sitting, standing, 
and lying down are grouped as stationary with slight movements. Table 6-3 shows the 
mobility types recorded by each user. Users 1 to 13 were permitted to carry the smartphone 
regardless of the on-body placement. Users 14 and 15 had to place the smartphone in 
previously identified body positions. This permitted the study of the differences in 
accelerometer readings based upon body placements. 1250 training data points which is 
equivalent to 312.5 seconds were used for each mobility type. 1250 samples were chosen 
because the data gathering process required each participant to perform a type of mobility for 
a minimum of 360 seconds. It should be noted that I found 14 seconds (56 samples) was 
sufficient in personalizing the EHMS Android application for a specific user mobility type 
(chapter 4). Real world data was gathered using Android based smartphones. There was no 
accelerometer data noise filtering or data simulation.  
 
Table 6 - 3: Shows participants and mobility types for which accelerometer data was gathered. 
Participant Mobility types On-body placements 
User 1, 2, 3, 
4, 5, 6, 7 Sitting, standing, walking, and jogging  N/A 
User 8, 9, 
10, 11 
Travel by underground train, light rail, car, 
bus, cycling, and taxi. N/A 
User 12, 13 Stationary and lying down N/A 
User 14, 15 Walking Top-jacket pocket, front trouser pocket, back-pack and palm. 
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In several cases even similar mobility types cannot be grouped together, e.g., it can be argued 
that different kinds of low speed (light rail) and high speed overground trains will generate 
different human mobility profiles. It should be noted that the focus was on classifying shorter 
commuter trips within urban city locations and not high speed trains. The location context may 
also be ambiguous, e.g., bus-stops may also coincide with traffic impediments such as traffic 
lights or road junctions. Also for motorized movement I considered only non-stationary 
movements. A small subset of human mobility states were selected for demonstration 
purposes since the algorithm can be dynamically applied to a wide range of human mobility 
states.  
 
6.3.1 Accelerometer Noise Filtering 
A comparatively low sampling frequency of 4Hz is used by EHMS. The window size for 
feature extraction is 2 seconds. EHMS requires the smartphone accelerometer sampling 
frequency to be 4Hz for optimum accuracy. If the frequency isn’t 4Hz then EHMS still uses 8 
accelerometer samples per cycle for classification, but will misclassify mobility types since 
the window size is no longer 2 seconds.  
The Kalman filter is a parametric model that can be applied to both stationary and in-motion 
human mobility data analysis (Xie et al., 2007). Architectures by (Anisetti et al., 2006; Zaidi 
& Mark, 2005) also implement the Kalman filter algorithm. I investigated whether or not a 
discrete Kalman filter algorithm could filter the accelerometer noise thus ameliorating the 
mobility state detection accuracy estimation. I chose to use the Kalman filter due the 
algorithm's ability to efficiently compute accurate estimates of the true value given noisy 
measurements. The accelerometer readings provide reasonably accurate data for mobility 
detection, and for this reason the Kalman filter algorithm is well suited for filtering the data 
and to aid in real-time human mobility state prediction. Also there is no need to retain 
historical measurements and estimates as only the current and confidence estimate levels are 
required. 
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6.3.1.1 Discrete Kalman Filter 
Estimate the state 𝓍 ∈  ℜ𝑛 of a discrete time process using the linear stochastic difference 
equation: 
 𝓍𝑘 =  𝐴𝓍𝑘−1 + 𝐵𝑢𝑘 + 𝑤𝑘−1     (6−5) 
The 𝑛 x 𝑛 matrix 𝐴 is the state transition model. It elucidates how the state transitions from 
time 𝑘 − 1 to 𝑘. The 𝑛 x 1 matrix 𝐵 is the control signal 𝑢 ∈  ℜ1 in relation to the state 𝓍. 
𝑤𝑘 is the process noise which is constant. 
Using the measurement 𝑧 ∈  ℜ𝑚 : 
 𝑧𝑘 =  𝐻𝓍𝑘 + 𝑣𝑘     (6−6) 
The 𝑚 x 𝑛 matrix 𝐻 relates the state to the measurement 𝑧𝑘 which is constant. 𝑣𝑘 is the 
measurement noise with covariance 𝑅. 
There are two distinct equations at each state. They are the time update (prediction) and 
measurement update (correction). 
 
a) Time update (prediction) 
 ?̂?𝑘− = 𝐴?̂?𝑘−1 + 𝐵𝑢𝑘     (6−7) 
?̂?𝑘
− is the predicted magnitude of the vector accelerometer signal value at time 𝑘 given the 
state estimate from 𝑘 − 1. ?̂?𝑘−1 is the state estimate at time 𝑘 − 1. The prediction equation is 
the error covariance as followed: 
 𝑃𝑘− = 𝐴𝑃𝑘−1𝐴𝑇 + 𝑄     (6−8) 
𝑃𝑘
− is the predicted error covariance at time 𝑘 given the state estimate from 𝑘 − 1. 𝑃𝑘−1 is the 
estimate covariance at time 𝑘 − 1. 𝑇 denotes transpose and 𝑄 is the process noise covariance. 
 
b) Measurement update (correction) 
The 𝑚 x 𝑛 matrix 𝐾 is the Kalman gain as followed: 
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 𝐾𝑘 =  𝑃𝑘−𝐻𝑇(𝐻𝑃𝑘−𝐻𝑇 + 𝑅)−1     (6-9) 
                        =   𝑃𝑘−𝐻𝑇
𝐻𝑃𝑘
−𝐻𝑇+𝑅
  
The calculated estimate using 𝑧𝑘 is as followed: 
 ?̂?𝑘 =  ?̂?𝑘− + 𝐾𝑘 (𝑧𝑘 −  𝐻?̂?𝑘−)     (6-10) 
The error covariance is as followed: 
 𝑃𝑘 = (𝐼 − 𝐾𝑘 𝐻)𝑃𝑘−     (6-11) 
where the identity matrix is 𝐼. 
 
6.3.1.2 3D Accelerometer Model 
 
The 3D accelerometer measurement is modelled as followed (Khan, et al., 2010):  
 𝑧𝑘 =  𝑎𝑘 −  𝑔𝑘 +  𝑏𝑘 +  𝑣𝐴,𝑘     (6-12) 
𝑧𝑘 is the sensor reading at time 𝑘, 𝑎𝑘is the acceleration, 𝑔𝑘 is the gravity, 𝑏𝑘is the offset, and 
𝑣𝐴,𝑘 is the observed noise. 𝑧𝑘 is a vector in the 3D Cartesian coordinate system as followed:  
 𝑤𝑘 = �𝑤𝑘𝑥𝑤𝑘𝑦
𝑤𝑘
𝑧
�     (6-13) 
 𝑧𝑘 = �(𝑤𝑘𝑥)2 +  (𝑤𝑘𝑦)2 + (𝑤𝑘𝑧)2     (6-14) 
The accelerometer readings are combined by calculating the magnitude of the accelerometer 
signal vector 𝑧𝑘. The Kalman filter was applied directly to 𝑧𝑘 rather than to the vector  (𝑤𝑘𝑥, 𝑤𝑘𝑦, 𝑤𝑘𝑧) because depending on the smartphone placement as the acceleration vector 
increases in a direction, the associated accelerometer readings grow larger along the affected 
axis and could be constant along the remaining unaffected axis.  
The following defines the transition model which shows how the state transitions from time 
𝑘 − 1 to time 𝑘 and observation model which relates the state to the observation: 
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 𝐴 =  �1 0 00 1 00 0 1� ,𝐻 = [1 0 0]     (6-15) 
 
a) Results 
The Kalman filter was applied on 312.5 seconds (≈1250 samples) of the magnitude of the 
accelerometer signal vector for the following mobility types: walking, stationary, and driving. 
Due to the accelerometer noise the filter caused historical measurements to have adverse 
effects on estimates. To overcome this issue of a corrupted filter, rather than applying the 
Kalman filter continuously the filter was reset every 8 samples. This ensures that only one 
mobility state is affected. Based on different on-body placements the results show Kalman 
filtering isn’t useful in classifying mobility states. Figures 6-20 and 6-21 show the results 
with and without applying Kalman filtering for stationary (no movement) human mobility 
states with different smartphone on-body placements. As shown in figure 6-20 even though 
the noise was reduced the computation features were stymied in the output required to 
classify the mobility types. For example given 5 human steps which contains 12 walking 
accelerometer data points (5 peaks and 4 troughs), after Kalman filtering this was reduced to 
4 peaks and 3 troughs. Using the mobility state algorithm, accelerometer calibration or noise 
filtering isn’t beneficial and it introduced an unnecessary computational load. 
 
 
Figure 6-20:  Graph of magnitude of the accelerometer signal vector after applying the Kalman filter. 
0 250 500 750 1000 1250
7
7.5
8
8.5
9
9.5
10
10.5
11
Time/250msec
K
al
m
an
 fi
lte
r e
st
im
at
io
n 
fo
r |
|v
||
 
 
Walking
Stationary A
Stationary B
Driving
100 
 
 Figure 6-21:  Graph of magnitude of the vector values for selected human mobility states. 
 
6.3.2 Smartphone Orientation and On-body Placement 
Several mobility classification systems require sensors such as accelerometers to be placed on 
specific parts of the body (Hache et al., 2010). The proposed method doesn't require this as it 
is relatively insensitive to the smartphone on-body placement and orientation. This research 
also studies the impact of different smartphone orientations and on-body placements on 
EHMS. Research by Cornelius & Kotz 2011, shows how sensors can wirelessly communicate 
their data to smartphones using the accelerometer. They make the assumption that if sensors 
are on the same body, then at a coarse level all of the sensors accelerometers experience 
similar accelerations. Figure 6-22 shows the accelerometer (𝑥,𝑦, 𝑧) in terms of the 
smartphone orientation and the four different smartphone orientations selected. 
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(a) Shows the smartphone accelerometer (x,y,z) coordinates.
 
 
Figure 6-22:  Selected smartphone orientations. 
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With regard to on-body placements, I studied carrying the smartphone in the following on-
body locations: top-jacket pocket, front trouser pocket, backpack, and palm. The experiments 
involved launching the EHMS Android application (detailed in appendix B) and placing the 
smartphone in one of the four on-body locations and smartphone orientations. Once the 
experiments were concluded for the specified mobility type, the data was then extracted from 
the device. The results show the human mobility state classification accuracy of EHMS was 
unaffected regardless of the smartphone orientation and on-body placement. This is due to the 
features extracted by EHMS, which are generally more aligned to the type of mobility. 
Figures 6-23 and 6-24 show the ‖𝒗‖ plots based on various smartphone orientations while 
being stationary and walking.  
 
Figure 6-23:  Graph of magnitude of the accelerometer signal vector for stationary human mobility 
state using 3 different smartphone orientations. 
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 Figure 6-24:  Graph of magnitude of the accelerometer signal vector for walking using 2 different 
smartphone orientations. 
 
As shown in figures 6-23 and 6-24, the ‖𝑣‖ is not sufficient to reduce the impact of different 
orientations and even though the plots are different, the required features are present 
irrespective of the ‖𝑣‖ values. This shows the effectiveness of 𝑇𝑃𝑇 ,𝑚𝑚,𝑃𝑚𝑚, and 𝑇𝑚𝑚 
features. Given different on-body placements, ‖𝑣‖ differed for similar mobility types. For 
example the ‖𝑣‖ graph differed on the 𝑦 axis when in a stationary state with the smartphones 
placed in different on-body positions. Regardless of the smartphone on-body placement 
𝑇𝑃𝑇 ,𝑚𝑚,𝑃𝑚𝑚, and 𝑇𝑚𝑚 features can be used to classify mobility types since EHMS 
algorithm uses only features of subsequent data without need for historical data. In regards to 
implementing EHMS as a pedometer (Oshin et al., 2013), I studied the impact of the different 
smartphone orientations and on-body placements with two commercial human step count 
Android applications. Figure 6-25 shows a graph of the ||v|| for 10 real-world human steps.  
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Figure 6-25: Real-world smartphone accelerometer data showing 10 human steps. 
The experiments involved real world data gathered using Android based smartphones. The 
applications are Runtastic4 and Accupedo5. The accuracy was calculated for 10 human steps 
while walking with the smartphone placed in the four previously identified on-body 
positions. Table 6-4 shows details of the comparison.  
 
Table 6 - 4: Results from 10 human steps over 2 iterations using the step count applications. 
Application Palm Front trouser pocket Backpack Top jacket pocket 
Runtastic (3,5) (13,12) (15,14) (9,11)  
Accupedo (11,12) (18,21) (26,22) (14,15) 
EHMS based pedometer (10,10)  (12,10) (11,11) (10,11) 
 
The results show the human step count accuracy was slightly inflated when the smartphone 
was placed in the backpack. The additional steps were mainly recorded during the transfer of 
the smartphone to and from the backpack. There is a similar case for the front trouser pocket. 
The human step count accuracy for carrying the smartphone in the palm and top-jacket 
pocket positions was unaffected regardless of the smartphone orientation and on-body 
4 Runtastic Pedometer http://www.runtastic.com/ 
5 Accupedo Pedometer http://www.accupedo.com/ 
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placement. Note this overcomes a lack of flexibility in requiring the smartphone position to 
be fixed, e.g., Bourke et al. 2007 distinguished between mobility types and falls using the 
readings from accelerometer sensors strapped to the trunk and thigh. Waluyo et al., 2010 use 
a sensing architecture to integrate set of body sensors attached to a user that is capable of 
detecting mobility types such as lying down, sitting, standing, and walking speed by a set of 
body sensors attached to a user. 
 
6.3.3 Energy-Efficiency 
Energy-efficiency is one of the key research objectives of this thesis. EHMS achieves this in 
the following ways: 
1. Human mobility state classification using low power inertial sensors such as the 
accelerometer.  
2. Accelerometer sensor sampling in a low-energy mode, which is the Android normal 
sensing mode.  
3. Performing all data processing on device as inefficient sensor network data exchange 
with a remote server consumes more energy. 
4. Implementing low computation algorithms for sensor data feature extraction and 
processing. Also there is no need for sensor data noise filtering which removes an 
additional processing overhead. 
Energy management is a major goal in embedded systems research (Devadas & Aydin, 
2012). I developed two Android based applications to study the energy-efficiency. The first 
named AppResource and the second SensingBatteryStats. AppResource calculates the 
average consumed resources in terms of CPU and RAM (Mb) usage of active and idle 
applications over a configurable time period. Table 6-5 shows the average consumed 
resources of EHMS versus standard applications in terms of CPU and RAM usage over a 60 
second window. 
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Table 6 - 5: CPU and RAM utilized for different smartphone actions. 
Smartphone 
action  
 CPU% 
range  
 Average 
CPU%  
 RAM (Mb) 
range  
 Average 
RAM (Mb)   Process package 
Browsing   (9,90)  45.4  (45.2,76.4)  60.5  com.android.browser 
Camera   (23,42)  31.2  (13.8,14.6)  14.2  com.android.camera 
Game   (13,24)  19.6  (13.3, 13.9)  13.5  com.htc.android.teeter 
Active call   (2,13)  8.16  (25.4,26)  25.8  com.android.phone 
Music   (0,2)  2  (12.8,21.4)  19.1  com.htc.music 
EHMS   (0,2)  1  (3,3.2)  3.1  com.ooshin.ehms  
 
SensingBatteryStats measures the battery consumption of the embedded smartphone sensors 
over time. Table 6-6 shows the battery utilization results of the accelerometer vs. GPS. The 
accelerometer tests were done for the four Android sensing modes. The sensing modes are 
normal, ui, game and fastest. The results were obtained by extracting the smartphone battery 
statistics from full battery charge until exhausted using the BatteryManager API provided by 
the Android Software Development Kit. Furthermore the smartphone screen lights were 
turned-on for the duration of some of the accelerometer tests. This was necessary to sample 
the accelerometer data in background mode.  
 
Table 6 - 6: Time to exhaust the smartphone battery given the Android accelerometer sensing modes 
vs. GPS. 
Accelerometer sensing mode/GPS  Time (Mins)   
Screen lights on    
Screen lights on  783   
Accelerometer (Normal)  699   
Accelerometer (UI)  591 
Accelerometer (Game)  312  
Accelerometer (Fastest)  255     
Screen lights off    
GPS  903    
GPS + Accelerometer (Normal)  892     
 
From the experiments the time taken to exhaust the smartphone battery with screen lights on 
and accelerometer sensing in normal mode with screen lights on is 783 and 699 minutes 
respectively. This is considerably higher than accelerometer sampling using the ui, game, and 
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fastest sensing modes. Also it took approximately the same time to exhaust the smartphone 
battery with continuous GPS location sampling, as compared to combined accelerometer in 
normal sensing mode and continuous GPS location sampling. As shown accelerometer 
sensing in the normal mode is energy-efficient. In the Android OS, sampling the 
accelerometer in normal mode doesn't consume any additional energy as long as the screen is 
lit or the CPU is running. This shows the comparatively low energy consumption of the 
accelerometer as compared to other embedded transceiver based sensors such as the GPS and 
Wi-Fi. The energy-efficiency experiments were conducted using a Samsung Galaxy II 
running Android version 4.0.4 with a 1500 mAh standard battery capacity. To be energy-
efficient, EHMS is based on the embedded smartphone accelerometer running in normal 
sensing mode. 
 
6.3.4 User Data Results 
The following details the user data results from applying the EHMS features to the 
accelerometer data gathered. 𝑇𝑃𝑇 range consists of integer values between 0 and 6 inclusive. 
Sampling the smartphone accelerometer data in the Android normal sensor sampling mode 
generates around 4 samples per second. EHMS requires 8 samples to be able to classify the 
human mobility state. The results were grouped based on the number of occurrences of 
𝑇𝑃𝑇 every 8 samples (2 seconds). Table 6-7 shows the generated Gaussian distribution for 𝑇𝑃𝑇 
based on data gathered from 15 adult able-bodied volunteers. The blank cells represent non-
existent 𝑇𝑃𝑇 for the mobility type.  
Analysis of the distribution of total peaks and troughs 𝑇𝑃𝑇 (Table 6-7) for selected mobility 
types produced the following results: 
• Over 75% of the total count of  𝑇𝑃𝑇 is 3, 4, or 5 for motorized movements. 
• Over 96% of the total count of  𝑇𝑃𝑇 is either 5 or 6 for jogging. 
• Over 77% of the total count of 𝑇𝑃𝑇 is 0, 1 or 2 for mobility types with slight 
movements such as lying in bed. 
• Over 98% of the total count of 𝑇𝑃𝑇 is either 0 or 1 for stationary mobility types with 
no movements. 
• Over 85% of the total count of 𝑇𝑃𝑇 is 3, 4, or 5 for cycling. 
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Table 6 - 7: Time Gaussian distribution of TPT. 
Urban human mobility type 0 1 2 3 4 5 6 
Motorized mobility                            
Bus     1.9 4.5 14.7 44.2 28.9 5.8 
Car  6.4 1.3 10.3 16.7 35.9 23.1 6.4 
Light rail train     0.6 5.1 25 35.3 28.2 5.8 
Underground train     0.6 9 19.9 43 22.4 5.13 
Human powered mobility                            
Walking              0.6 69.2 30.1 
Jogging           3.2 50.6 46.2    
Cycling                    0.6 0.6 9.6 33.8 31.2 20.4 3.8 
Stationary (no movement)  85.9 12.8 1.3             
Stationary (slight movements such as 
sitting,  standing, and lying down)  46.8 16.7 14.1 10.9 7.7 1.9 1.9 
 
 
As shown from the analysis above using only the 𝑇𝑃𝑇 distribution can classify mobility types 
such as stationary with no movement with a classification accuracy of 98%, but is insufficient 
at classifying mobility types such as travel by light rail train vs. underground train. Research 
by Reddy et al., 2010 studied features such as range, mean, standard deviation, and 
correlation of the ‖𝑣‖. Even though these features presented differences in mobility types, 
there were issues with overlapping results. For instance accelerometer data classification 
which rather than defining a mobility type, wrongfully maps to more than one mobility type. 
This indicates that these features are ineffective in classifying mobility types. Figures 6-26, 6-
27, and 6-28 show the ||v|| graphs of selected similar human mobility types. 
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Figure 6-26: Graph of ||v|| for travel by light rail and underground train. 
 
Figure 6-27: Graph of ||v|| for travel by bus and car. 
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Figure 6-28: Graph of ||v|| for sitting, stationary, and lying down mobility types. 
 
Apart from 𝑇𝑃𝑇, EHMS derives a combination of additional features which are 
𝑚𝑚,  𝑃𝑚𝑚, and 𝑇𝑚𝑚 using equations 4-4, 4-5, and 4-6 respectively. These values were 
derived based on analysis of the accelerometer data peaks and troughs. The nominal values 
for 𝑇𝑃𝑇 ,𝑚𝑚,𝑃𝑚𝑚, and 𝑇𝑚𝑚 corresponding to each data trained, pertaining to a type of 
mobility, are derived as followed. This is based on the data gathered from 15 participants. 
Calculate 𝑚𝑚 for 1250 ‖𝑣‖ samples at 4Hz. 1250 accelerometer samples (312.5 seconds) is 
the training data points used to classify a type of mobility. Calculate 𝑇𝑃𝑇 ,𝑚𝑚,𝑃𝑚𝑚 , and 𝑇𝑚𝑚 
for every 8 samples for 1250 ‖𝑣‖ samples at 4Hz. Table 6-8 complements figures 6-26, 6-27, 
and 6-28. It shows the nominal values given the accelerometer data from 15 adults in 
classifying mobility types such as travel by light rail and underground train, travel by bus and 
car, and sitting, stationary, and lying down respectively. These show the effectiveness of 
𝑇𝑃𝑇 ,𝑚𝑚,𝑃𝑚𝑚, and 𝑇𝑚𝑚 variables for human mobility state classification given a set of ‖𝑣‖ 
data. 
 
Table 6 - 8: Nominal values for selected human mobility states. 
Urban human mobility type  mm   TPT   Pmm   Tmm     
Stationary (no movement)  0.3  (0,1)     
 Stationary (slight movements)  1.4  (0,2)   (0,1.1)       
Light rail train  7  (3,5)   (0.07,1.7)   (0.5,2.6)  
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Underground train  2  (3,5)   (0.7,2.3)   (1.03,1.9)  
Car  8  (3,5)   (3,4)   (2,6)  
Bus  12  (3,5)   (1.3,6)   (4,8)  
Cycling   21  (3,5)   (9.2,21.5)   (1.1,15)   
Walking  19  (5,6)   (3.9,11.9)   (5.9,20.9)  
Jogging  30  (4,5)   (5.4,12.4)   (8.3,14.6)   
 
To classify between stationary and in-motion (motorized movement, walking, jogging etc.) 
human mobility states when 𝑇𝑃𝑇  > 2 and 𝑚𝑚 > 1.4 then the human mobility state is in-
motion else it is stationary. The value of 𝑚𝑚 was derived based on the study of the 
accelerometer human mobility data features. The features studied are: range, mean, standard 
deviation, and correlation of the ‖𝑣‖ data. I found for stationary mobility types such as 
sitting, standing, and lying down the 𝑚𝑚 value was always ≤ 1.4 as compared to non-
stationary mobility types which have a greater value. The blank cells represent the values that 
are not required for the mobility type. 
The EHMS Android application was developed based on data gathered from the 15 users and 
was validated using 10 different models of Android based smart devices. The smart devices 
include HTC Desire HD running Android version 2.3.5, Samsung Galaxy S smartphone 
running Android version 2.1-update1, Samsung S II running Android version 4.0.3, Samsung 
Galaxy Note I running Android version 4.0.4, Hauwe 300C running Android version 2.3, 
Lynk 3D II running Android version 2.3.3, Samsung Galaxy II running Android version 
4.0.4, Samsung Galaxy Tab GT-P5110 running Android version 4.0.4, Sony Xperia U ST25i 
running Android version 4.0.4, and Samsung Galaxy Tab GT-N8010 running Android 
version 4.1.1. No discrepancies were found in the accuracy of the results. This shows EHMS 
can be applied generally across Android based smartphones since the (𝑥,𝑦, 𝑧) accelerometer 
readings are similar. 
 
6.4 GPS, WPS, and GSMPS Battery Decay Study 
Several papers measure the power consumption in milliwatt (mW). Jurdak et al., 2010, states 
GPS power consumption is 165 mW. Abdesslem et al., 2009, states GPS power consumption 
is 383 mW indoors and 623 mW outdoors. These discrepancies in the GPS power 
consumption and ability to compare the energy savings based on sensor sampling rates lead 
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to the use of the battery exhaustion method. The battery exhaustion method was chosen 
because it presents a clearer power consumption statistics on each localization technology 
over time. It should be noted that the differences are mainly due to the various test conditions 
and hardware used. This method measures the battery decay over a set interval 𝑇𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 . It 
should also be noted that more recently built receivers are more efficient due to improved 
chip manufacturing techniques, but regardless a high processing power is required to 
decipher GPS signals and power the antenna (Raskovic & Giessel, 2007). 
A test bed was researched and developed to study the battery decay of GPS, WPS, and 
GSMPS location determination technologies over a configurable set time interval  𝑇𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙. 
The embedded sensors in the HTC Desire HD and Samsung Galaxy S smartphones were 
used. The HTC Desire HD runs Android version 2.3.3 with a 1230 mAh standard battery 
capacity. There were two Samsung Galaxy S smartphones. The first Samsung (A) runs 
Android version 2.1-update1 and the second Samsung (B) runs Android version 2.2. Both 
Samsung smartphones have a 1500 mAh standard battery capacity. The battery statistics are 
recorded from full battery charge until exhausted using the BatteryManager API provided by 
Android Software Development Kit (SDK).  
A total of 75 tests were executed and 81,238,966 location samples gathered. This was a single 
user test as there are no benefits from multi-user data gathering based on the experimental 
goals. The error analysis has been ignored because the experiments are focused on the 
smartphone battery decay over time rather than the location accuracy of the measured results.  
Below are the experiment conditions and goals. The objectives of the scientific experiment 
are to:  
1. Determine the power consumed by each type of location determination technology in an 
active and idle state. 
2. Determine the power consumed by each type of location determination technology with 
respect to the location sampling rate. This provides a basis to deduce an optimal GPS 
sampling rate that offers the least average localization error. 
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6.4.1 Experimental Setup 
The experiments were started by launching the LocationStudy application. LocationStudy is 
the Android application I developed to study the battery decay of GPS, WPS, and GSMPS. 
The Android application is detailed in appendix B. Below is a brief description of the data 
captured by the Android application:  
• System timestamp is the current date in the time format "dd/MM/yyyy HH:mm:ss".  
• Battery scale specifies an integer value of the maximum battery level. For all the 
experiments this value was 100.  
• Battery level specifies an integer value of the remaining battery from 0 to the battery 
scale.  
• Temperature is the current battery temperature in Celsius.  
• Voltage is the current battery voltage level in millivolts.  
• Longitude is the longitude of the location fix.  
• Latitude is the latitude of the location fix. 
The experiment conditions are as follows: 
1. Before commencing each experiment, the mobile device was charged to 100%, then 
restarted, and charged to 100% again. This last recharge is done to ensure no additional 
power drain from restarting the phone affects the battery level. 
2. Experiment data was stored on the phone local disk storage and retrieved at the end of 
each test.   
3. The mobile devices were used solely for these controlled experiments, that is, no phone 
calls, web browsing, or messaging during the experiments. 
4. The experiments were executed in indoor and outdoor environments. For indoor 
experiments, the mobile device was placed on a flat surface with limited GPS signals. For 
outdoor experiments the mobile device was carried through an actual commuter day in 
either the front jacket pocket, bag pack, or trouser pocket.   
5. The mobile device had only the default manufacturer processes running. There were no 
third party software or email accounts configured or activated. 
Smartphone location sampling at rates greater than 60 seconds conserves battery power. 
From the experiments this improves the smartphone battery life as compared to continuous 
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sampling or sampling at rates below 60 seconds. However this could be ineffective if 
multiple location based applications are running concurrently. This is because the 
asynchronous use of GPS from different applications results in an increased number of 
invocations (Zhuang et al., 2010). 
The least energy-efficient location determination technology in an idle are techniques based 
on Wi-Fi due to constant WLAN scanning. The least accurate and most energy-efficient 
location determination technologies are techniques based on GSM. Using GSM for location 
determination because it is the most energy-efficient is not practical because the average 
localization error could be up to 35 kilometres (Varshavsky et al., 2006) as compared to 10m 
(Amundson & Koutsoukos, 2009) using GPS. The major key to energy-efficient positioning 
is the ability to determine the location context of the user. Assuming an individual is deep 
indoors or underground there is no benefit of GPS as a clear view of the sky is required. At 
this point GPS is of minimal importance and should be turned-off. The most energy-efficient 
technique is GSM, followed by WPS, and finally GPS.  
The data used in the experiments were programmatically gathered. This was done by 
developing Android mobile applications that extracted the location co-ordinates (longitude, 
latitude) using GPS, Wi-Fi, and GSM. In brief, the mean time to exhaust the Samsung S 
smartphone battery using GPS ≈ 12 hours, WPS ≈ 46 hours, GSMPS ≈ 63 hours, and 
combined GPS, WPS, and GSMPS ≈ 11 hours. The location data and energy measurements 
are then stored in the smartphone SD card. Table 6-9 details the experiments and results 
conducted. It shows the average elapsed time to consume the battery for Samsung and HTC 
smartphone given various conditions defined in the experiment details column. Details of the 
results are provided in section 6.4.2. The Android and java applications developed for the 
experiments are detailed in appendix B. For some tests it was possible to record the battery 
level until 0% while for some the minimum battery level recording achieved was at least 
50%. 
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Table 6 - 9: Shows a detailed overview of experiments and results conducted. 
Experimen
t Number Experiment Details 
Average elapsed 
time Mobile Type 
Min 
battery 
level 
reache
d 
1 GPS, Wi-Fi and Wireless networks disabled. The test condition are: 
283 hours 53 
mins Samsung 0% 
  
1. Mobile device was placed in location 
X for the duration of the test. Where X 
has good mobile signal strength. 
     
  
2. BatteryMonitor application running 
with energy polling interval every 10 
seconds. 
     
1.1 
GPS, Wi-Fi and Wireless networks 
disabled. The test conditions are same as 
in task 1.0. 
248 hours 13 
mins HTC 0% 
1.2 GPS only enabled. The test conditions are the same as in task 1.0. 
241 hours 24 
mins HTC 1% 
1.3 Wi-Fi only enabled.  The test conditions are the same as in task 1.0 39 hours 39 mins HTC 50% 
1.4 Wireless networks only enabled.  The test conditions are same as in task 1.0. 
118 hours 56 
mins HTC 0% 
2.0 GPS running. The test conditions are: 10 hours 10 mins Samsung (A) 0% 
  1. The GPS polling interval was set to sample continuously.      
  2. No minimum distance was set. The location will be continuously broadcast.       
  
3. Mobile device placed in location X for 
the duration of the test. Where X is 
indoors and has no clear view of sky. 
This means the device will be unable to 
retrieve the GPS co-ordinates. 
     
  
4. GpsWithBatteryStatus time interval to 
record the phone energy status was set to 
10 seconds. 
     
2.1 Same as task 2.0 above. 12 hours 26 mins Samsung (B) 0% 
2.2 Same as task 2.0 above, but with the following test conditions: 9 hours 58 mins 
Samsung 
(A) 0% 
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1. Condition 1 in task 2.0 was altered as 
follows the GPS polling interval was set 
to every 1 second. 
     
2.3 Same as task 2.0 above, but with the following test conditions: 10 hours 9 mins 
Samsung 
(A) 0% 
  
1. Condition 1 in task 2.0 was altered as 
follows the GPS polling interval was set 
to every 2 seconds. 
     
2.4 Same as task 2.0 above, but with the following test conditions: 4 hours 7 mins 
Samsung 
(A) 50% 
  
1. Condition 1 in task 2.0 was altered as 
follows the GPS polling interval was set 
to every 4 seconds. 
     
2.5 Same as task 2.0 above, but with the following test conditions: 4 hours 45 mins 
Samsung 
(A) 50% 
  
1. Condition 1 in task 2.0 was altered as 
follows the GPS polling interval was set 
to every 5 seconds. 
     
2.6 Same as task 2.0 above, but with the following test conditions: 4 hours 49 mins 
Samsung 
(A) 50% 
  
1. Condition 1 in task 2.0 was altered as 
follows the GPS polling interval was set 
to every 6 seconds. 
     
2.7 Same as task 2.0 above, but with the following test conditions: 10 hours 8 mins 
Samsung 
(A) 0% 
  
1. Condition 1 in task 2.0 was altered as 
follows the GPS polling interval was set 
to every 10 seconds. 
     
2.8 Same as task 2.7 above 11 hours 48 mins Samsung (B) 0% 
2.9 Same as task 2.0 above, but with the following test conditions: 10 hours 11 mins 
Samsung 
(A) 0% 
  
1. Condition 1 in task 2.0 was altered as 
follows the GPS polling interval was set 
to every 20 seconds. 
     
2.1 Same as task 2.9 above 12 hours Samsung (B) 0% 
2.11 Same as task 2.0 above, but with the following test conditions: 10 hours 13 mins 
Samsung 
(A) 0% 
  
1. Condition 1 in task 2.0 was altered as 
follows the GPS polling interval was set 
to every 30 seconds. 
     
2.12 Same as task 2.11 above 12 hours 24 mins Samsung (B) 0% 
2.13 Same as task 2.0 above, but with the following test conditions: 10 hours 15 mins 
Samsung 
(A) 0% 
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1. Condition 1 in task 2.0 was altered as 
follows the GPS polling interval was set 
to every 40 seconds. 
     
2.14 Same as task 2.13 above 11 hours 54 mins Samsung (B) 0% 
2.15 Same as task 2.0 above, but with the following test conditions: 10 hours 10 mins 
Samsung 
(A) 0% 
  
1. Condition 1 in task 2.0 was altered as 
follows the GPS polling interval was set 
to every 50 seconds. 
     
2.16 Same as task 2.15 above 11 hours 59 mins Samsung (B) 0% 
2.17 Same as task 2.0 above, but with the following test conditions: 18 hours 39 mins Samsung (B) 0% 
  
1. Condition 1 in task 2.0 was altered as 
follows the GPS polling interval was set 
to every 60 seconds. 
     
2.18 Same as task 2.0 above, but with the following test conditions: 21 hours 58 mins Samsung (B) 0% 
  
1. Condition 1 in task 2.0 was altered as 
follows the GPS polling interval was set 
to every 90 seconds. 
     
2.19 Same as task 2.0 above, but with the following test conditions: 25 hours 7 mins Samsung (B) 0% 
  
1. Condition 1 in task 2.0 was altered as 
follows the GPS polling interval was set 
to every 120 seconds. 
     
3.0 WPS running. The test conditions are: 45 hours 37 mins Samsung (A) 0% 
  1. The WPS polling interval was set to 0. This means continuous location polling.      
  
2. No minimum distance was set. The 
location will be continuously 
broadcasted.  
     
  
3. Mobile device placed in location Y for 
the duration of the test. Where Y is 
indoors and has good Wi-Fi signals. 
     
  
4. MobileOrWiFiWithBatteryStatus time 
interval to record the phone energy status 
was set to 10 seconds. 
     
3.1 Same as task 3.0 above. 45 hours 59 mins Samsung (B) 0% 
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4.0 Combined GPS and WPS running. The test conditions are: 11 hours 39 mins Samsung (B) 0% 
  
1. The GPS and WPS polling interval 
was set to every 0. This means 
continuous location polling. 
     
  
2. No minimum distance was set. The 
location will be continuously 
broadcasted. 
     
  
3. Mobile device placed in location Y for 
the duration of the test. Where Y is 
indoors and has good Wi-Fi signals. 
     
  
4. MobileOrWiFiWithBatteryStatus time 
interval to record the phone energy status 
was set to 10 seconds. 
     
5 GSMPS running. The test conditions are: 62 hours 58 mins Samsung (B) 0% 
  1. The GSMPS polling interval was set to sample continuously.      
  
2. No minimum distance was set. The 
location will be continuously 
broadcasted.  
     
  
3. Mobile device placed in location X for 
the duration of the test. Where X has a 
good GSM signal. 
     
  
4. MobileOrWiFiWithBatteryStatus time 
interval to record the phone energy status 
was set to 10 seconds. 
     
6 Combined GPS, WPS, and GSMPS running. The test conditions are: 10 hours 32 mins Samsung (B) 0% 
  
1. The GPS, WPS, and GSMPS polling 
interval was set to sample continuously. 
This means continuous location polling. 
     
  
2. No minimum distance was set. The 
location will be continuously 
broadcasted.  
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  3. Mobile device was used in a typical commuter scenario.      
  
4. 
GpsAndMobileOrWiFiWithBatteryStatu
s time interval to record the phone 
energy status was set to 10 seconds. 
      
 
6.4.2 Results 
The HTC Desire HD mobile phone battery was exhausted within 248 hours with GPS, Wi-Fi 
and wireless networks sensors disabled. However the battery was exhausted in about the 
same time interval with GPS enabled. Enabling GPS doesn’t consume any significant energy 
as compared to being disabled. It is actually the GPS sampling that causes the battery to 
drain. This is contrary to Wang et al., 2009, where there their empirical results reveal that the 
battery would be completely drained within six hours if the GPS receiver is turned on, 
whether or not it can obtain GPS readings. It should be noted that the phone used by Wang et 
al., 2009, ran the Symbian OS.  
Wang et al., 2009, reveal Wi-Fi scan consumes 1426 mW of power as compared to 330 mW 
by GPS. This overhead is mainly due to the scanning for new networks. A measurement by 
Ra et al., 2010, shows Nokia N95 consumes 1.18J per scan, which lasts 2.03s. The G1 
consumes less, about 0.63J, and it lasts 1.11s. Lloret et al., 2011 and Constandache+, et al. 
2009, promote the use of WPS for location determination as compared to GPS. As compared 
to GPS, WPS is readily available indoors, but there is still the issue of accuracy, a need to 
constantly update the access point database with WPS changes and unavailability when 
mobile device is out of range of WPS signals. The experiments also showed Wi-Fi was the 
least power efficient in an idle state. 
Based on the experiments, continuous location sampling using GPS, WPS, and GSMPS can 
exhaust the smartphone's battery within 12, 46, and 63 hours respectively; as compared to 
284 hours with all location sensors turned-off. GPS was the least power efficient technology 
in use. In an idle state WPS was the least power efficient due to high overhead incurred by 
Wi-Fi when scanning for available networks.  
Energy savings can be produced via the use of reduced location sensor sampling rates. 
However, this leads to an increased average localization error. For instance EEMSS (Wang et 
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al., 2009) sample GPS every 20 seconds and EnLoc (Constandache+, et al. 2009) sample 
GPS every 30 seconds. The experimental study reveals that sampling GPS for location 
updates using Android based smartphones at intervals less than 60 seconds had a negligible 
difference in the battery decay over time compared for continuous location sampling. 
Sampling GPS for location updates every 20 seconds exhausted the battery in approximately 
the same time compared to sampling it continuously.  
Wi-Fi incurs a high overhead when scanning for available networks. 50% of the HTC Desire 
HD mobile phone battery was exhausted within 39 hours of enabling Wi-Fi as compared to 
150 hours without Wi-Fi enabled. Table 6-10 by Abdesslem et al., 2009, shows that using 
IEEE 802.11 (Wi-Fi) continuously, that the Nokia N95 8GB smartphone consumes more 
energy that GPS.  
 
Table 6 - 10: Energy consumption of the Nokia N95 8GB smartphone until the battery was depleted 
(Abdesslem et al., 2009). 
Sensor Approximate battery life (hours) 
Average power consumption 
(mW) 
IEEE 802.11 6.7 661 
GPS (outdoors)   7.1 623 
GPS (indoors)   11.6 383 
 
Using the Samsung Galaxy S phone, polling GPS every 1, 2, 10, 20, 30, 40, and 50 seconds 
doesn’t have any significant impact on the battery life. As shown in figures 6-29 and 6-30 
polling GPS at rates less than 60 seconds leads to very subtle differences in battery life. 
However sampling GPS at 60 seconds or over made a significant difference in battery life. 
 
121 
 
 Figure 6-29:  Show the battery consumption based on various GPS sampling rates. 
 
 
Figure 6-30:  Shows the time in minutes to exhaust the Samsung S battery based on various GPS 
sampling rates. 
 
From the experiments reducing GPS sampling doesn't necessarily translate to improved 
energy performance. It's even worse in some instances. For example sampling every 4 or 5 
seconds drains the battery at a faster rate than continuous sampling. Previous work done by 
(Thiagarajan et al., 2009) further supports these findings. 
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6.4.3 Evidence of Smartphone Battery Life Experiments as Related to Public Data 
As compared to other smartphone platforms the Android OS has considerably improved 
power saving control built into the platform. Apart from the ability to query the real-time 
battery statistics, Android also provides interfaces to manage energy features (Oliver, 2008). 
Android uses the PowerManager module for smartphone power management. Supported 
peripherals are the screen display, lights and CPU. Locks known as WakeLocks acquired via 
the PowerManager API are used to control the peripheral's power. If WakeLocks aren't 
acquired, then the peripheral is switched off to conserve power. Where multiple power 
settings exist delays are used based on system activity (Maker & Chan, 2011). The following 
experiment compares the experimental results with public research data. The time to exhaust 
the battery in hours can be calculated as follows. 
 
6.4.3.1 Location sensors switched off 
The average power consumption using the Samsung Galaxy S smartphone when no 
applications are running is approximately 24 mW (Falaki et al., 2011). Based on the battery 
capacity of 1500 mAh, average power consumption of 24 mW and voltage of 3.7, the 
smartphone battery is exhausted in 231.25 hours which is close to the experimental results of 
284 hours. The improved energy consumption from the experiments is due to the Android OS 
shutting some system functions once the battery reaches a critical threshold (Maker & Chan, 
2011).  
This also proves smartphones with larger battery capacities last longer than phones with 
smaller capacities. For example the Samsung Galaxy S which runs Android version 2.2 with 
a 1500 mAh standard battery capacity lasts longer than an HTC Desire HD which runs 
Android version 2.3.3 with a 1230 mAh standard battery capacity. The Samsung battery lasts 
284 hours as compared to 248 hours by the HTC. 
 
6.4.3.1.1 Battery usage cost formulation 
 𝐴 = 𝑊
𝑉
 (6-16) 
where 𝐴 = amps, 𝑊 = watts and 𝑉 = voltage. 
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 𝑏ℎ = 𝐶
�
𝑃
𝑉
∗1000�
 (6-17) 
𝑏ℎ = time in hours.  
𝐶 = battery capacity in mAh. 
𝑃 = average battery usage in mW. 
 
6.4.3.2 GPS location sensing battery consumption 
Abdesslem et al., 2009, states GPS power consumption is 383 mW indoors and 623 mW 
outdoors. Wang et al., 2009, states GPS power consumption is 330.8 mW. Kjaergaard et al., 
2009, states GPS consumption is 324 mW. Based on the battery capacity of 1500 mAh, 
average power consumption of 24 mW, and voltage of 3.7, using an instantiation of equation 
6-17 the smartphone battery is exhausted in 14.5, 8.9, 16.8, 17.1 hours respectively using 
GPS. These values are similar to the experimental results of 12 hours. 
 
6.4.3.3 Wi-Fi location sensing battery consumption 
Wang et al., 2009 reveal Wi-Fi scan consumes 1426 mW of power as compared to 330 mW 
by GPS. This overhead is mainly due to the scanning for new networks which occurs every 
10 seconds. Based on the battery capacity of 1500 mAh, average power consumption of 24 
mW, and voltage of 3.7, using an instantiation of equation 6-17 the smartphone battery is 
exhausted in approximately 38.9 hours which is similar to the experiments results of 46 
hours. 
 
6.5 Summary 
To optimize battery energy with a reduced average localization error the system should be 
aware of the human mobility state and turn on or off sensors accordingly with minimal user 
interaction. This human mobility state and transition can be detected using the embedded 
smartphone inertial sensors such as the accelerometer. 
Based on the accelerometer patterns, one of the outstanding differences between walking, 
motorized movement, and stationary mobility types is the unique acceleration peak and 
trough frequency caused by walking within a given time period. As the focus was more on 
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improving the detection and extraction of 𝑇𝑃𝑇 ,𝑚𝑚,𝑃𝑚𝑚 and 𝑇𝑚𝑚 features in the method, The 
EHMS framework can classify human mobility types more accurately than existing known 
classifiers. 
Experiments were undertaken to study the battery decay of GPS, WPS, GSMPS, and the 
accelerometer.   
 In an active state GPS is the least energy-efficient localization technology and in an 
idle-state WPS is the least energy-efficient localization technology.  
 
 GPS and WPS at sampling rates less than 60 seconds had very subtle differences in 
battery life. 
 
 GSMPS is the most energy-efficient location determination technology and useful in 
the absence of GPS or WPS. Also when location accuracy isn’t an issue, GSMPS is 
the most viable technology. 
 
 Running the accelerometer continuously has a negligible effect on the battery as long 
as the CPU is running or the screen lights are on.  
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7 Conclusions and Future Work 
In this dissertation, I have presented an extensive technical detail into energy-efficient 
location determination for human mobility analysis and monitoring using smart devices. The 
energy-efficiency of LBS where continuous location updates is of high importance can be 
further improved by implementing location sensor selection algorithms. Due to battery 
limitations in smartphones it is essential to conserve battery power by ensuring power hungry 
sensors like GPS are only active when needed.   
In an effort to improve the battery life I have been able using a probabilistic and feature 
extraction method on the embedded smartphone accelerometer to differentiate between 
selected human mobility types with high accuracy. An energy-efficient framework for real-
time human mobility state classification named EHMS, which uses the embedded smartphone 
accelerometer, has been researched, developed and evaluated. LALS, an EE-LD technique 
for smartphones which implements EHMS has also been detailed. 
The core achievements of the research can be sub-divided into three main aspects:  
 A method to evaluate the energy-efficiency of wide-area location determination 
techniques used by smartphones. 
 Energy-efficient real-time human mobility state profiling using the smartphone 3D-
accelerometer named EHMS. 
 Energy-efficient hybrid location determination model for smartphones named LALS 
that combines GPS, WPS, GSMPS and accelerometer. 
These are discussed in the following sections. 
 
7.1 A Method to Evaluate the Energy-Efficiency of Wide-Area Location 
Determination Techniques used by smartphones 
An extensive survey of factors affecting the energy-efficiency of smartphone based location 
determination and mobility profiling techniques has been critically analysed with respect to 
three criteria: location sensor usage, human mobility state determination, and location 
accuracy. To aid the evaluation process, a test bed was researched and developed for the 
Android smartphone that measures over time the battery decay of GPS, WPS, and GSMPS 
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location determination technologies. This test bed enabled the effects of altering the location 
sensor sampling rates and gauging the actual amount of energy each location determination 
technology consumed over time in active and idle states to be studied. In brief, the results 
show: 
1. With continuous location sampling, an idle WPS was the least energy-efficient and in 
an active state GPS was least energy-efficient. 
2. Continuous location sampling at time intervals less than 60 seconds has a negligible 
effect on the battery life. To identify noticeable improvements in the smartphone 
battery life require a minimum of 60 seconds location sampling. 
 
7.2 Energy-Efficient Real-Time Human Mobility State Profiling using a 
3D-Accelerometer 
In the time-domain, human mobility types generate varying patterns of peaks and troughs 
(waves). Several state of the art existing methods study these wave patterns. The 
accelerometer time-domain waves are also studied in this research, because the experiments 
found that certain time-domain feature characteristics are unique across mobility types. 
EHMS an energy-efficient method for real-time human mobility classification using the 
embedded smartphone accelerometer has been presented. EHMS classifies human mobility 
states using a probabilistic algorithm and feature extraction on the smartphone accelerometer 
data. The method can within 2 seconds (8 accelerometer samples) classify mobility types 
with a high accuracy. The algorithm was validated using data gathered from 15 participants 
and even though a limited set of mobility types such as being stationary (lying down or 
sitting) and in-motion (walking or jogging) were covered; the method can be auto-extended 
to adhere to a wider range of human mobility states. This will involve the type of mobility 
being performed by the user for a minimum of 14 seconds so the algorithm can be 
personalized. The method provides the following key factors; existing approaches lack at 
least one of these factors: 
 Real-time human mobility state classification algorithm without need for referencing 
historical data. 
 Classifies the human mobility state regardless of the smartphone alignment and on-
body placement. 
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 The proposed model is relatively insensitive to noisy data. I found even though the 
noise was reduced when Kalman filtering was applied, the computational features 
were stymied in the output making it unnecessary in classifying between different 
human mobility states.  
 Uses light-weight accelerometer data feature extraction. EHMS extracts six features 
(five novel and one derived) from the accelerometer data. Also there is no need for a 
remote server connection for computational purposes as all processing are performed 
within the Android smartphone subsystem.  
 Is energy-efficient due to the low computational algorithms and smartphone 
embedded accelerometer sensing mode at 4 samples per second. 
 
7.3 Energy-Efficient Hybrid Location Determination Model for 
Smartphones 
Based on the experiments and the analysis of the various location determination techniques, 
LALS a hybrid energy-efficient location determination technique that combines GPS, WPS, 
GSM, and accelerometer was presented. Due to battery limitations in smartphones it is 
essential to conserve battery power by ensuring that power hungry sensors such as GPS are 
only active when needed. The aim involves activating the minimum set of smartphone 
sensors based on the human mobility state for optimal energy consumption with reduced 
average localization error and without compromising the location sensor sampling rate.  
 
7.4 Further Work 
A key issue in human mobility state classification is the use of noisy and equivocal sensors 
such as the accelerometer. EHMS requires no sensor noise filtering; however there are issues 
of overlapping results whereby similar mobility types generate similar accelerometer 
patterns. This is the main motivation for further research and development into the use of 
alternative smartphone inertial sensors such as the magnetometer and gyroscope to improve 
the human mobility state classification. This could lead to increased smartphone energy-
efficiency for location determination. Motorized movements are a major form of human 
transportation. The magnetometer reported strong distortions for types of transportation such 
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as  trains, buses and cars (Thomas et al., 2011). Combining other inertial sensors with the 
accelerometer could lead to improved classification accuracy using motorized movement 
such as travel by car, bus, and train. 
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10 Appendix B 
This section details the programs used in this thesis: 
1.) Energy-Efficient Human Mobility State Sensing (EHMS) Android Application  
1. What is it? 
EHMS is an Android based application which can auto-detect the real-time human mobility 
state within 2 seconds using only the embedded smartphone accelerometer. It also provides 
an accelerometer interface to gather data using any of the four Android sensor modes. The 
sensor modes are fastest, game, ui, and normal.  
2. System Requirements 
Android OS: Android version 2.2 or above.  
Hardware: Smartphone must have a 3D accelerometer. The application on start-up auto 
checks if supported. 
Memory and Disk Storage: No minimum requirement. 
3. Installation and running 
1. Download and install EHMS-v1.1.0.4.apk. 
2. There are two widget tabs. The first is “Mobility State” tab and the second is the 
“Accelerometer” tab. The mobility state tab determines the human mobility state 
within 2 seconds and the accelerometer tab gathers (x, y, z) accelerometer data. 
3. Click start in the tab to launch the application. 
4. Screenshot 
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 5. Displaying and downloading the results 
5.1 Mobility State Tab 
The human mobility state is displayed in real-time in the state field. To log the human 
mobility state data to the smartphone local storage select the “Log mobility state data” 
checkbox. The data is logged into a file named ehms_mobilitystate.log and errors logged into 
ehms_mobilitystate_error.log. The mobility data is saved in csv format. All files are written 
to the root directory in the local storage. The following user data are captured in 
ehms_mobilitystate.log: 
• Timestamp: system timestamp in the format dd/MM/yyyy HH:mm:ss 
• 𝑚𝑚: the difference between the maximum of the peak and trough values and the 
corresponding minimum values every 2 seconds (8 accelerometer samples). 
• 𝑇𝑃𝑇: the sum of the total peaks (𝑃) and troughs (𝑇). 
• 𝑃𝑚𝑚: the peak range values given the 𝑇𝑃𝑇 range every 2 seconds (8 accelerometer 
samples) 
• 𝑇𝑚𝑚: the trough range values given the 𝑇𝑃𝑇 range every 2 seconds (8 accelerometer 
samples) 
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• User mobility state: the estimated human mobility state.  
5.2 Accelerometer Tab 
Accelerometer data is displayed in real-time once the “Display (x,y,z)” checkbox is selected. 
The data is logged into a file named ehms_accelerometer.log and the errors into 
ehms_accelerometer_error.log. If “Log Timestamp” is checked the system timestamp is 
logged. The accelerometer (x, y, z) data is saved in csv format. All files are written to the root 
directory in the local storage.  
 
2.) A Low Power Accelerometer Assisted Location Sensing Technique for Smartphones 
(LALS) Android Application – performs the following actions: 
1. What is it? 
LALS is an energy-efficient location determination method that combines the use of GPS, 
WPS, GSMPS, and accelerometer.  
2. System Requirements 
Android OS: 
Android version 2.2 or above.  
Hardware: 
Smartphone must have a 3D accelerometer. The application on start-up auto checks if 
supported. 
Memory: 
No minimum requirement. 
Disk: 
No minimum requirement. 
3. Installation and running 
1. Download and install LALS-v1.2.4.0.apk. 
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2. Select menu and click preferences to choose LALS or combinations of GPS, WPS and 
GSMPS. Click current location to retrieve the device location using the chosen 
preferences. 
4. Screenshot 
 
 
5. Displaying and downloading the results 
Depending on the options selected LALS captures the human mobility data. The data is 
logged into a file named lals.log and errors logged into lals_error.log. The data is saved in csv 
format. All files are written to the root directory in the local storage. The following user data 
is captured: 
• Timestamp: system timestamp in the format dd/MM/yyyy HH:mm:ss 
• Battery level: specifies an integer value of the remaining battery from 0 to the battery 
scale. 
• Battery scale: specifies an integer value of the maximum battery level. For all the 
experiments this value was 100. 
• Temperature: is the current battery temperature in Celsius. 
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• Voltage: is the current battery voltage level in millivolts. 
• Active Sensor: specifies the location sensor actively in use.  
• Human Mobility State (if LALS): Indicates whether the user is “in-motion” or 
“stationary”. 
• Longitude: is the longitude of the location fix (if enabled via the preferences option). 
• Latitude: is the longitude of the location fix (if enabled via the preferences option). 
 
3.) An Energy-efficient Real-time Smartphone Pedometer (ERSP) Android Application 
1. What is it? 
ERSP is an Android based application which accurately and energy-efficiently infers the real-
time count of human steps using the embedded smartphone accelerometer. It functions 
regardless of the smartphone on-body placement and orientation.  
2. System Requirements 
Android OS: 
Android version 2.2 or above.  
Hardware: 
Smartphone must have a 3D accelerometer. The application on start-up auto checks if 
supported. 
Memory: 
No minimum requirement. 
Disk: 
No minimum requirement. 
3. Installation and running 
1. Download and install ERSP-v1.0.0.9.apk. 
2. Select menu and click start to commence recording the real-time human step count. 
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3. To pause the application select menu and click pause. The human step count is 
retained. 
4. To reset or stop the application select menu and click stop. The human step count 
resets to 0.  
5. Select menu and click preferences to select the desired background sensor tunnel. The 
default is screen lights enabled. This is required because the screen lights or CPU need to be 
running to invoke the accelerometer in background mode.   
4. Screenshot 
 
   
5. Displaying and downloading the results 
Depending on the options selected ERSP captures the human mobility data. The data is 
logged into a file named ersp.log and errors logged into ersp_error.log. The data is saved in 
csv format. All files are written to the root directory in the local storage. The following user 
data is captured: 
• Timestamp: system timestamp in the format dd/MM/yyyy HH:mm:ss 
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• No of steps: number of human steps 
• No of Peaks: number of peaks(P) 
• mm: the difference between the maximum peak and trough values and the 
corresponding minimum values every 2 seconds (8 accelerometer samples). 
• Tpt: the total count of peaks (P) and troughs (T). 
• Longitude: is the longitude of the location fix (if enabled via the preferences option). 
• Latitude: is the longitude of the location fix (if enabled via the preferences option). 
• Battery level: specifies an integer value of the remaining battery from 0 to the battery 
scale. 
• Battery scale: specifies an integer value of the maximum battery level. For all the 
experiments this value was 100. 
• Temperature: is the current battery temperature in Celsius. 
• Voltage: is the current battery voltage level in millivolts. 
 
4.) BatteryMonitor Android Application - BatteryMonitor.apk - records the battery 
statistics of an android mobile device at a set interval in milliseconds. The resulting statistics 
are then saved to the SD card root directory in csv format. The data retrieved and saved are 
the current timestamp, the current battery level, the battery scale, the battery temperature and 
the voltage. The following table shows a sample of the data saved to SD card while running 
the experiments. 
Timestamp Battery Level Battery Scale Temperature Voltage 
19/07/2011 00:24 100 100 340 4222 
19/07/2011 00:25 100 100 340 4222 
19/07/2011 00:25 100 100 340 4222 
19/07/2011 00:25 100 100 340 4222 
19/07/2011 00:25 100 100 330 4203 
19/07/2011 00:25 100 100 330 4203 
19/07/2011 00:25 100 100 330 4203 
19/07/2011 00:26 100 100 330 4203 
 
5.)  BatteryMonitorFileParser Application – BatteryMonitorFileParser.java - parses the 
file generated from the BatteryMonitor android application. The logic is as follows: 
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Given a column index X, if the value in the row Yi and column X equals row Yi+1 and column 
X  then delete row Yi+1 and column X. Below is the equation: 
P = [ ]∑
−
=
+=
1
0
),(),( 1
n
i
iiii XYXY  ⇒ delete ),( 1 ii XY +  
A maximum of 101 rows will be returned showing the battery status from 100% to 0%. 100% 
means a full battery and 0% meaning no battery power.  Below is a sample output of the 
program from 100% to 90% battery decay: 
Timestamp BatteryLevel BatteryScale Temperature Voltage 
18/07/2011 11:06 100 100 340 4231 
18/07/2011 11:42 99 100 300 4177 
18/07/2011 11:51 98 100 300 4166 
18/07/2011 12:02 97 100 300 4158 
18/07/2011 12:11 96 100 300 4146 
18/07/2011 12:19 95 100 300 4142 
18/07/2011 12:27 94 100 310 4132 
18/07/2011 12:34 93 100 320 4088 
18/07/2011 12:42 92 100 320 4113 
18/07/2011 12:48 91 100 310 4108 
18/07/2011 12:55 90 100 330 4098 
 
6.) DateDifference Application – DateDifference.java – calculates the difference in hours 
and minutes between a set date and all subsequent dates in a comma separated file and 
outputs the results to a file.  
 
7.) CellIDWithBatteryStatus Android Application –CellIDWithBatteryStatus.apk - 
performs the following actions: 
1. Retrieves the mobile country code (MCC) and mobile network code (MNC) of the 
network operator.  
2. Retrieves the GSM cell ID and location code of the mobile device.  
3. Using the details above opens a remote connection to www.opencellid.org and retrieve 
the cell location latitude and longitude. 
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4. Actions 1 to 3 above request location updates at a configurable time and minimum 
distance interval. For example location updates every 1 second and no set minimum 
distance interval. 
5. Records the battery level at set intervals 𝑇𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 to a file on the SD card. 
 
8.) MobileOrWiFiWithBatteryStatus Android Application –
MobileOrWiFiWithBatteryStatus.apk - performs the following actions: 
1. Invokes the WPS location provider to determine the location. In the absence of WPS 
defaults to the mobile network. 
2. Request location updates at a configurable time and minimum distance interval. For 
example location updates every 1 second and no set minimum distance interval. 
3. Records the battery level at set intervals 𝑇𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 to a file on the SD card. 
 
9.) GpsWithBatteryStatus Android Application – GpsWithBatteryStatus.apk - performs 
the following actions: 
1. Invokes the GPS location provider to determine the location using satellites. 
2. Request location updates at a configurable time and minimum distance interval. For 
example location updates every 1 second and no set minimum distance interval. 
3. Records the battery level at set intervals 𝑇𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 to a file on the SD card. 
 
10.) GpsAndMobileOrWiFiWithBatteryStatus Android Application –
GpsAndMobileOrWiFiWithBatteryStatus.apk - performs the following actions: 
1. Invokes combined GPS, WPS, and GSMPS location providers to determine the 
location.  
2. Request location updates at a configurable time and minimum distance interval. For 
example location updates every 1 second and no set minimum distance interval. 
3. Records the battery level at set intervals 𝑇𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 to a file on the SD card. 
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11.) SunsetLocationStudy Android Application –LocationStudy.apk - performs the 
following actions: 
1. Gather location sensing data using GPS, Wi-Fi, or GSM and logs to a text file on the 
SD card. 
2. Dynamically displays on screen the battery level, temperature and voltage  
 Below is a screenshot of the application: 
 
 
12.) PatternDetector Java Application - This application defines the accelerometer travel 
mode pattern matching algorithm. The logic is as follows: 
 
1. Given a dataset file, iterate through the file count the number of peaks (Tp) and 
troughs (Tt). 
2. If the peaks (Pi) or troughs (Ti) are within a set static range (St, Sp) ignore. 
(Pi ≥ St) ˄ (Pi ≤ Sp) ˅ (Ti ≥ St) ˄ (Ti ≤ Sp) 
3. If more than a set number of peaks or troughs occur within a given time then ignore 
the additional peaks or troughs. 
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4. Output the count of peaks and troughs. Also output the range and averages.   
5. Create a separate csv file and output the average of the values at the top. 
 
13.) PatternDetectorRange Java Application - Calculates the threshold values for the data 
sets. Below is the logic:  
 1. Given a csv file. For example pd-humanY.csv 
 2. The first line is ignored 
3. Iterate through the data set and get the minimums and maximums of each 
QMConstants.numberOfMeasurements elements. 
 4. Take the average of minimums and maximums.  
 For example given pd-humanY.csv with following dataset: 
 2 
 1 
 7 
 4 
 3 
 where QMConstants.numberOfMeasurements = 3 
 2 is ignored 
 min (1,7,4) = 1. min (7,4,3) = 3.  
 max (1,7,4) = 7. max (7,4,3) = 7.  
 Min average = 1+3/2 = 2. 
 Max average = 7+7/2 = 7. 
 Range is (2,7) 
 
14.)  PatternDectectorAccuracy Java Application - Calculates the accuracy of threshold 
value. Below is the logic:  
 1. Given a csv file. For example pd-humanY.csv  
 2. The first line is the threshold value to use for the comparison  
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 3. Iterate through the data set starting at line 2. If the average of 
QMConstants.numberOfMeasurements is greater than the threshold value then increment X 
else increment Y.  
 4. Finally return the percentage. This is calculated as follows. Accuracy = [X/(X+Y)] * 100  
 For example given pd-humanY.csv with following dataset: 
 2 
 1 
 7 
 4 
 3  
 where QMConstants.numberOfMeasurements = 3 
 2 is the threshold value 
 (1+7+4)/3 = 4. This will result in X = 1 because 4 > 2 
 (7+4+3)/3 = 4.66. This will result in X = 2 because 4.66 > 2 
 Y = 0 and X = 2 
 Accuracy = 2/2 * 100 = 100% 
 
15.)  SunsetWiFi Android Application - This performs the following simple operations: 
1. Scans for Wi-Fi signals. 
2. Displays details of Wi-Fi connection. Details include BSSID, IpAddress, LinkSpeed, 
MacAddress, NetworkId, Rssi, SSID, HiddenSSID, and SupplicantState 
3. Displays the Wi-Fi network name with the strongest signal in dBm.  
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